ChinaRxiv [f)]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-202402.00068

Exploring ChatGPT-Based Development of
Computerized Adaptive Testing Item Banks for
Emotional Stability

Authors: Gao Yaojie, Qi Yunxiao, Ma Yuanqiu, Liu Tuo, Liu Tuo
Date: 2024-02-01T18:18:56+00:00

Abstract

The substantial human and material resources required for traditional item de-
velopment constrain the development and application of computerized adaptive
testing, while automatic item generation based on the latest natural language
processing technology holds promise for addressing this challenge. With ad-
vances in generative pre-trained models based on the Transformer architecture,
automatically generating test items according to specific measurement objectives
(particularly non-cognitive tasks) and establishing computerized adaptive item
banks based on them has become feasible. This study aims to employ the latest
version of ChatGPT to generate a large number of Chinese-language personal-
ity items measuring emotional stability, and through item bank construction
procedures including unidimensionality testing, IRT model selection, item anal-
ysis, item bank quality analysis, as well as simulated computerized adaptive
testing, to explore the suitability of these items for computerized adaptive test-
ing and compare their performance with widely-used emotional stability items,
ultimately forming a high-quality emotional stability item bank.
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Abstract

To obtain a high-quality large-scale item bank, the extensive manpower and re-
sources required for traditional project development have been constraining the
development and application of computerized adaptive testing. However, auto-
matic item generation based on the latest natural language processing technol-
ogy holds promise in addressing this challenge. With the advancements in gener-
ative pre-trained models based on the Transformer architecture, the generation
of items tailored to specific measurement objectives (especially non-cognitive
tasks) becomes feasible. This study aimed to utilize ChatGPT to generate a
large number of Chinese version personality items measuring emotional stability
and to establish a computerized adaptive item bank based on this premise.

We utilized ChatGPT based on GPT-4 Turbo to generate 114 items measuring
emotional stability. Following expert review, 75 items were retained and formed
the GPT item bank, while 42 widely-used items were selected to form the clas-
sic item bank. Testing was conducted on the aforementioned items, yielding
479 valid participants. Additionally, sample data from two separately admin-
istered measures, CBF-PI-B and BFI-2, were going to be used for subsequent
cross-sample reliability comparisons. Procedures for item bank construction in-
cluding unidimensionality test, IRT model selection, item analysis, and item
bank quality analysis, as well as simulated computerized adaptive testing, were
employed to assess the quality and CAT performance of the item bank.

After the above analysis steps, it was found that all items in the classic item
bank and the GPT item bank passed the unidimensionality test, showing no
differential item functioning, and had good discrimination parameters and rea-
sonable difficulty distribution. Both item banks provided high test information
and marginal reliability for most trait levels of the examinees, with low measure-
ment error. The overall item bank formed by combining all items remained of
good quality. Simulation results of computerized adaptive testing showed that
all three item banks achieved high validity with fewer items compared to tradi-
tional tests for the same level of precision. Under the same testing length, the
GPT item bank exhibited higher reliability and demonstrated stability across
samples.

Additionally, comparison revealed that the CAT performance of the GPT item
bank even exceeded that of the classic item bank, while the overall item bank
performance was slightly better than that of the GPT item bank.

This study innovatively explores the development of a computerized adaptive
item bank using the latest version of ChatGPT, validating the feasibility of
this user-friendly project generation tool. Through comparison with previous
research results, it reconfirms the excellent quality of projects generated by GPT-
4. The study showcases the immense potential and possibilities of large language
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models in project development, particularly in the creation of large-scale item
banks, while also indicating a shift in the responsibilities of psychologists in
future project development.

Keywords: Computerized Adaptive Test, Automatic Item Generation, Natural
Language Processing, emotional stability, Item Response Theory
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Introduction

Computerized Adaptive Testing (CAT) represents a computer-based assessment
methodology that dynamically matches test items to examinees’ ability levels
during the testing process, thereby enhancing measurement efficiency and score
validity (Fliege et al., 2005; Jiao & Lissitz, 2020). Compared to traditional tests
grounded in Classical Test Theory (CTT), CAT offers two principal advantages.
First, examinees need not respond to all items in a scale, which reduces cognitive
burden and prevents accuracy degradation from boredom during prolonged test-
ing while improving measurement efficiency. Second, CAT achieves “tailored
testing” that minimizes measurement error arising from mismatches between
item difficulty and examinee trait levels. The comparability of results despite
different items administered to each examinee stems from CAT’s foundation in
Item Response Theory (IRT). Within IRT, as long as all item parameters are
calibrated on a common scale, ability estimates (trait levels) for each exam-
inee remain comparable even when the number and difficulty of administered
items differ. Consequently, an item bank comprising items with shared measure-
ment objectives and parameters on the same scale constitutes the fundamental
prerequisite for CAT. Achieving this requires developers to initially collect nu-
merous items and conduct large-scale testing to obtain stable item parameters
for constructing the initial bank, followed by ongoing management and supple-
mentation, such as controlling overexposed items and eliminating low-quality
ones. Since traditional item development relies heavily on domain experts and
demands substantial human, material, and financial resources, establishing a
rich and continuously updatable item bank represents a major bottleneck con-
straining current CAT development and application (Gierl & Haladyna, 2013;
Gierl & Lai, 2018).

To address this challenge, the integration of Automatic Item Generation (AIG)
with CAT holds considerable promise (Hommel et al., 2022). Gierl and Lai
(2018) summarized AIG as a three-step process. First, subject-matter experts
(SMEs) use cognitive models—representations emphasizing the knowledge,
skills, and abilities required to solve problems within specific domains—to
organize and structure content needed for item generation. Second, experts
develop item templates that specify where content from the cognitive model
can be placed, enabling item generation through substitution of specific content
within these templates. Third, computer algorithms place cognitive model
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content into templates and generate new items through content replacement.
While this template-based AIG has been widely applied in educational testing
contexts (Gierl et al., 2012; Gierl & Haladyna, 2013; Lai et al., 2016; Kurdi
et al., 2020), it proves less suitable for non-cognitive assessments such as
personality tests common in psychological measurement. These instruments
often involve more complex semantics, contexts, and nuanced distinctions
(Hernandez & Nie, 2022; Hommel et al., 2022; Lee et al., 2023). For instance,
in the BFI-2 Chinese version (Zhang et al., 2022), the neuroticism dimension
includes the item “I am someone who can control my emotions.” If “control”
or “emotion” were treated as replaceable template elements, meaningful
substitution candidates would be extremely limited, and synonym replacement
would yield only marginally useful new items, constraining the scale’s capacity
to measure neuroticism across diverse contexts. Fortunately, advances in
Natural Language Processing (NLP) technology have prompted researchers
to explore algorithmic generation of non-cognitive items (Von Davier, 2018;
Hernandez & Nie, 2022; Hommel et al., 2022; Gotz et al., 2023; Lee et al.,
2023).

NLP constitutes a subfield of Artificial Intelligence (AI) that develops quantita-
tive models enabling computers to understand, analyze, and generate human lan-
guage (Goldberg, 2017; Lee et al., 2023). The introduction of neural networks—
computational models simulating biological neural networks that transform in-
put data through successive mappings before output (Goldberg, 2017)—has
yielded substantial progress in NLP language models (Gotz et al., 2023). Von
Davier (2018) pioneeringly applied Long Short-Term Memory (LSTM) network-
based language models, then state-of-the-art, to AIG for non-cognitive items.
However, this technology could only mimic the syntactic structure of exam-
ple items, lacked capacity to generate items targeting specific constructs, and
suffered from extreme computational demands and inconsistent grammatical
correctness (Hernandez & Nie, 2022; Hommel et al., 2022). Moreover, LSTM
fundamentally represents a supervised machine learning model that learns to
predict labels for new inputs through training on labeled data (e.g., emails
marked as spam), requiring large volumes of manually annotated sample data—
precisely the resource scarcity that motivates AIG use (Goldberg, 2017; Lee et
al., 2023). The release of OpenAT’s Generative Pre-trained Transformer (GPT)
models and their iterative versions, based on the Transformer architecture, has
attracted AIG researchers focused on non-cognitive item generation due to their
superior performance.

Self-attention mechanisms represent a key Transformer innovation, enabling any
word in an input sequence (e.g., a sentence) to interact with all other words,
such that each word’s output incorporates information about its relationships to
others. This eliminates the need to store all preceding words as in earlier recur-
rent models (e.g., LSTM), instead capturing subtle word relationships through
mathematical computation using key contextual information to predict content
(see Vaswani et al., 2017 for mathematical details). Additionally, Transformers
can process different words in text sequences in parallel, reducing computational
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load compared to recurrent models and enabling training of larger, more pow-
erful models (Gotz et al., 2023). GPT was developed based on Transformer
decoders as an autoregressive model that predicts the (n+1)th word using only
the first n words of a sequence (with subsequent information masked), then
trains the model by comparing predicted words against actual text. In essence,
it predicts subsequent information based on preceding context, cycling until
completing the entire text sequence. This autoregressive approach has proven
more suitable for text generation than the “cloze test” format that simultane-
ously uses contextual information to infer missing middle words (Hommel et al.,
2022). As a pre-trained model, GPT-3 contains 175 billion parameters and was
trained on massive text corpora (Brown et al., 2020), enabling users to perform
specific tasks (e.g., generating personality test items) with only a few examples
(Few-Shot, typically 10-100), eliminating the need for large annotated training
datasets or task-specific fine-tuning. Subsequent OpenAl releases of ChatGPT
based on GPT-3.5 and GPT-4 have garnered widespread attention due to their
conversational interface requiring no coding. Despite limited technical disclo-
sure, GPT-4’s superior performance across tasks, particularly its perfect score
on AP Psychology exams (Achiam et al., 2023), makes its potential for gen-
erating non-cognitive items highly promising. Moreover, GPT-4 demonstrates
excellent Chinese comprehension and generation capabilities, making validation
of its capacity to generate quality items in Chinese contexts essential given the
domestic research gap.

Therefore, this study aims to generate Chinese personality items using the lat-
est version of ChatGPT and preliminarily explore the feasibility of constructing
CAT item banks with these items, ultimately establishing a high-quality com-
puterized adaptive item bank. Given the nascent stage of exploration in this
domain, this study follows previous paradigms by continuing to use the widely
adopted Big Five personality framework (John et al., 2008) as the item gen-
eration target. Since classic CAT requires a single measurement objective, we
identified generating items for the emotional stability (ES) dimension as our
final task, both because ES has garnered increasing societal attention and be-
cause it plays crucial roles in organizational management, mental health, school
education, and decision-making behavior, being considered the most important
predictor of psychological health (Bajaj et al., 2019; Bec & Becken, 2021; Mar-
getié et al., 2022; Park et al., 2022; Wettstein et al., 2021).

Methodology
2.1 Measurement Instruments

To enable ChatGPT to generate appropriate items, we conducted a series of
prompt engineering steps in Chinese: (1) Instructed GPT to role-play as an
experienced psychologist; (2) Introduced definitions of emotional stability from
renowned domestic and international scholars; (3) Described the relationship
between ES and the Big Five model, explaining that ES as a personality trait
is typically measured through the neuroticism subscale in Big Five inventories,
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thereby tasking GPT with creating novel measurement items by referencing ex-
isting ones; (4) Specified fundamental principles for item development, includ-
ing originality (avoiding excessive semantic similarity), non-repetition (avoiding
duplication among new items and with reference items), clear measurement tar-
gets (emotional stability), rich item formats (avoiding structural similarity), and
diversity and comprehensiveness. The final principle warrants particular atten-
tion, originating from prior research identifying excessive situational similarity
in GPT-generated items (Lee et al., 2023). Therefore, when articulating this
rule, researchers should provide GPT with as many situational contexts and
relevant factors related to the measurement target as possible, as these expla-
nations enhance generated item quality (Lampinen et al., 2022); (5) Finally,
provided GPT sequentially with ES items, instructions, and scoring methods
from different Big Five questionnaires as references (rather than imitation tem-
plates), requesting generation of equivalent numbers of items (including scoring
methods).

During this process, if GPT generated items clearly violating development
principles—such as directly copying reference items or duplicating previously
generated items—we prompted GPT to review the fundamental principles and
revise or regenerate the batch.

Following these procedures, we obtained 114 emotional stability items gener-
ated by GPT. We then invited 10 psychology graduate students to evaluate
item grammar and content validity. Based on their evaluations, we first elim-
inated 1 improperly formulated item. Regarding content validity, the 10 ex-
perts rated each item’s representativeness of emotional stability on a 4-point
scale. Using these ratings, we calculated corrected kappa coefficients (k; Polit
et al., 2007). Following Polit et al.’s evaluation criteria, items with k > 0.74
were considered high-quality, leading to elimination of all items not meeting
this standard. Ultimately, 75 items were retained for formal testing. Notably,
these 75 items underwent no human modification or editing, representing purely
GPT-generated content.

Additionally, we selected 42 emotional stability (neuroticism) items from four
widely-used Big Five personality scales for inclusion in the testing battery: 8
items from the Chinese Big Five Personality Inventory Brief Version (CBF-PI-
B; Wang et al., 2011), 12 items from the BFI-2 Chinese version (Zhang et al.,
2022), 2 translated items from TIPI-10 (Gosling et al., 2003), and 20 items from
IPIP-BFAS (DeYoung et al., 2007). In this study, the Cronbach’s « coefficients
for the emotional stability dimension of these four scales were 0.921, 0.935,
0.799, and 0.955, respectively.

Items in the bank included multiple scoring formats, with each item retaining
its original scoring method.
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2.2 Participants

This study included three sample datasets. The primary Sample 1 employed
convenience sampling on 117 emotional stability items, yielding 479 valid partic-
ipants (163 males) with a mean age of 22.82 years (SD = 6.52). Additionally, we
separately administered the emotional stability items from CBF-PI-B and BFI-
2 Chinese versions for cross-sample reliability comparisons, with valid samples
designated as Sample 2 and Sample 3. Sample 2 comprised 2,484 participants
(820 males), while Sample 3 included 655 participants (197 males) with a mean
age of 28.58 years (SD = 10.58).

2.3 Analytical Methods

Before implementing CAT, a high-quality item bank must first be established.
For clarity, this study designates the 42-item bank from existing scales as the
Classic Bank, the 75 GPT-generated items as the GPT Bank, and conducts prin-
cipal component analysis and unidimensionality testing, IRT model selection,
item analysis, and overall information and marginal reliability analysis on both
banks using Sample 1 data. This process evaluates and compares the quality
of both banks, eliminating non-compliant items. The final retained items from
both sources are combined to form the Total Bank, which undergoes identical
quality verification procedures to obtain a richer final bank and validate the
combinability of items from both sources. Subsequently, we conduct simulated
CAT on the three final banks to compare GPT-generated versus classic item
performance and validate CAT’s advantages over traditional testing. Specific
procedures follow:

2.3.1 Principal Component Analysis and Unidimensionality Testing
First, to ensure bank quality, items with low correlation to measurement objec-
tives should be removed, necessitating principal component analysis (PCA) to
eliminate items with primary component loadings below 0.4.

Subsequently, unidimensionality testing is performed on retained items. Uni-
dimensionality represents a fundamental IRT assumption (Hambleton et al.,
1991). Previous research indicates that in exploratory factor analysis (EFA),
a ratio of first-to-second eigenvalues exceeding 4 with first-factor variance ex-
planation above 20% satisfies the unidimensionality assumption (Reckase, 1979;
Andrich, 1996; Reeve et al., 2007).

2.3.2 IRT Model Selection Since all items in this study employ polytomous
scoring, available IRT models primarily include the Generalized Partial Credit
Model (GPCM; Muraki, 1992) and Graded Response Model (GRM; Samejima,
1969). This study compares model fit indices, specifically AIC (Akaike, 1974)
and BIC (Schwarz, 1978), selecting the better-fitting model for subsequent pa-
rameter estimation.
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2.3.3 Item Analysis Word embedding, a crucial component of NLP mod-
els, has attracted research attention due to its consistent and pervasive gender
bias (Gonen & Goldberg, 2019; Lee et al., 2023). Word embedding represents
each word as a multi-dimensional vector, capturing relationships between words
through vector differences in semantic space (Bolukbasi et al., 2016; Caliskan
& Lewis, 2020). Real-world stereotypes may cause word embedding techniques
to erroneously capture these biases (Garg et al., 2018). To prevent system-
atic gender bias in ES measurement, we conduct Differential Item Functioning
(DIF) analysis. DIF occurs when examinees from different groups exhibit differ-
ent statistical properties on an item despite matching on the latent trait being
measured (Zumbo, 1999). This study employs logistic regression to test for
gender-related DIF, with McFadden’s R? > 0.02 indicating DIF requiring item
removal (Choi et al., 2011). The calculation formula is:

InL
McFadden’s R2 = 1 — —
InL,
Model 1: logit P(u; > k) = o, + 31 - 0
Model 2: logit P(u; > k) = oy, + B - 6 + B5 - gender

Model 3: logit P(u; > k) = ay, + 31 - 0 + B - gender + 5 - 6 - gender

Where L, represents the baseline model’s likelihood value and L represents the
likelihood after adding predictor variables. P(u; > k) denotes the cumulative
probability of responding at or above category k for item ¢ (1 < k < total
response options), « represents the regression intercept, § denotes regression
coefficients, and 6 represents the trait level being measured (emotional stability
in this study). For testing uniform DIF, Model 1 serves as the baseline and
Model 2 adds predictors; for non-uniform DIF, Model 2 is the baseline and
Model 3 adds the interaction term.

Item discrimination represents another crucial quality indicator, referring to
an item’s capacity to differentiate among examinees with varying ability levels,
where higher values indicate better discrimination.

2.3.4 Item Bank Information and Marginal Reliability Item informa-
tion represents the certainty level provided by an item in evaluating examinee
trait levels, with higher values indicating greater reliability. Test information,
the sum of all item information values, is inversely proportional to the square
of the standard error. The calculation formula is:

1

SE() = | <
Zi:l I; (0)

Where 6 represents the examinee’s latent trait level (emotional stability in this
study), m denotes the total number of test items, and I,(6) indicates the infor-
mation provided by item ¢ for examinees with trait level 6.
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Researchers have used Marginal Reliability (MR) to represent overall test reli-
ability (Liu, 2022; Xu et al., 2020), calculated from the average measurement
standard error across all examinees. The formula is:

N
ST@ _ ZzzliE(az)

MR=1-SE@©)

Where N represents total examinee count, ¢ indexes each examinee, and SE(6;)
denotes the measurement standard error for examinee ¢’s final 8 estimate.

2.3.5 Simulated CAT After finalizing the item banks, we conducted simu-
lated CAT based on 479 examinees’ actual responses to all items across the three
banks. CAT employed the maximally informative item selection method (MFI),
currently the most widely used item selection strategy, with Expected A Poste-
riori (EAP) for ability estimation. For termination rules, we first implemented
a rule requiring completion of all items in the total bank, treating resulting
ability estimates as true values. We then employed fixed measurement precision
rules, terminating tests when ability estimation standard errors reached specific
values (using SE = 0.447/0.387/0.316/0.224 corresponding to marginal reliabil-
ity = 0.8/0.85/0.90/0.95, and SE = 0.34/0.27/0.46,/0.21 matching four existing
measures’ actual precision). We examined CAT performance by comparing re-
quired item numbers, ability estimation standard errors, and correlations with
true ability values across three banks under different termination conditions.
Subsequently, we employed fixed-length termination rules, stopping after ad-
ministering predetermined numbers of items (corresponding to ES item counts
in four existing scales = 12/8/20/2), estimating abilities and measurement er-
rors as examinees would experience in traditional testing with these four scales.
We compared measurement errors, marginal reliability, and ability correlations
between CAT and traditional formats, then further compared reliability with
Samples 2 and 3 traditional test results to comprehensively explore GPT bank
feasibility and CAT performance improvements over traditional testing.

Validity constitutes another crucial CAT performance indicator (Xu et al.,
2020). This study uses criterion validity as a reference, considering CAT valid
only when its results correspond to criterion scale measurements. We used ES
dimensions from CBF-PI-B, BFI-2, TIPI, and BFAS as criteria, calculating cor-
relations between ability estimates from administering all items in each of the
three banks and scores on these four scales to validate bank validity.

2.4 Research Tools

This study used ChatGPT based on OpenAl’s GPT-4 Turbo version released
in early November 2023 for item generation. SPSS 26.0 conducted principal
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component analysis and unidimensionality testing, while R packages performed
remaining analyses: the mirt package for IRT model selection, item discrimi-
nation analysis, and bank information calculation; the lordif package for DIF
detection; and the catR package for simulated CAT.

Results
3.1.1 Unidimensionality Testing

Principal component analysis (PCA) on both banks’ items revealed all items had
primary component loadings exceeding 0.4 (details in Figure 1 [FIGURE:1)),
thus all items were retained.

Subsequent Kaiser-Meyer-Olkin (KMO) tests confirmed data suitability for fac-
tor analysis, with results of 0.979 and 0.986 for Classic and GPT banks respec-
tively (x2(861) = 17662.03,p < 0.001; x2(2775) = 35225.09,p < 0.001). Prin-
cipal Axis Factoring (PAF) with oblique rotation yielded EFA results showing
all factor loadings exceeded 0.4. The Classic bank’s first and second eigenvalues
were 22.75 and 2.29 (ratio = 9.92), with the first factor explaining 53.28% of
variance. The GPT bank’s first and second eigenvalues were 42.93 and 1.97
(ratio = 21.78), with the first factor explaining 56.79% of variance. Both banks
thus satisfied the unidimensionality assumption.

3.1.2 IRT Model Selection

As shown in Table 1 ; both banks exhibited smaller AIC and BIC values for
GRM, indicating superior fit. Therefore, GRM was selected for subsequent
analyses.

Table 1 Model Fit Indices

Bank Loglik AIC BIC

Classic Bank - - -
GPT Bank - - -

3.1.3 Item Analysis

DIF analysis revealed all items had McFadden’s R? values below 0.02, indicating
no gender-related DIF and thus all items were retained.

Generally, discrimination values above 0.8 indicate high-quality items (Liu,
2022), warranting removal of items below this threshold. Refitting GRM to
both banks showed all items exceeded 0.8 discrimination (details in Figure 2

), with means of 2.27 (SD = 0.51) and 2.44 (SD = 0.58) for Classic and GPT
banks respectively. Difficulty ranges of [-3.1, 2.2] and [-4.3, 2.1] indicated broad
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Figure 1: Figure 2

difficulty coverage. Overall, both banks demonstrated high quality, with GPT-
generated items showing slightly superior discrimination and broader difficulty
distribution than existing items.

3.1.4 Ttem Bank Information and Marginal Reliability
Figure 3

presents test information and standard errors for both banks. Generally, stan-
dard errors not exceeding 0.39 define low measurement error boundaries (Xu et
al., 2020). Both banks provided high information and low measurement error for
most examinees, with limitations only for those with extremely high emotional
stability levels. Additionally, Figure 4 [FIGURE:4]| shows marginal reliability,
with average values reaching 0.96 and 0.98, indicating excellent overall reliabil-
ity for both banks. Comparatively, the GPT bank demonstrated higher quality
than the Classic bank, particularly for high trait-level examinees, maintaining
low standard errors and higher reliability.

3.1.5 Total Bank Construction

Combining the 117 retained items from both banks formed the Total Bank. PCA
on Total Bank items again showed all primary component loadings exceeding 0.4
(see Appendix Figure 6 [FIGURE:6]). KMO test results were 0.986 (x?(6786) =
57274.54,p < 0.001). EFA using identical methods showed all factor loadings
exceeded 0.4, with first and second eigenvalues of 62.98 and 4.47 (ratio = 14.10)
and first-factor variance explanation of 53.83%, confirming the Total Bank’s
unidimensionality.
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Fit indices again favored GRM (see Appendix Table 8 ), which was used for
parameter estimation. All items maintained discrimination above 0.8 (mean =
2.25, SD = 0.50; see Appendix Figure 7 [FIGURE:7]). Total Bank information,
standard error, and marginal reliability calculations (see Appendix Figures 8
[FIGURE:8] and 9 [FIGURE:9]) revealed smaller measurement errors and higher
reliability than either constituent bank, providing precise measurement even for
high emotional stability individuals, with average marginal reliability reaching
0.99.

Figure 3 Information and Standard Error for Classic Bank (left) and GPT
Bank (right)

Figure 4 Marginal Reliability Curves for Classic Bank (left) and GPT Bank
(right)

3.2.1 CAT Performance Under Fixed Precision Conditions

Table 2 displays simulated CAT results for three banks under different fixed-
precision stopping rules. Even with SE() < 0.447, all three banks required
fewer than three items on average to achieve correlations between estimated and
true abilities exceeding 0.9 (n = 479, p < 0.001), though marginal reliability
was suboptimal at this level. Generally, reliability coeflicients reaching 0.85
indicate high reliability (Zhang et al., 2020; May et al., 2006). Achieving 0.87
marginal reliability required only 3.06-3.77 items, while 0.91 reliability needed
merely 4.79-5.87 items. Higher reliability demands more than double the items
(10.11-12.90) but yields marginal reliability of 0.95 and true-ability correlations
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exceeding 0.97 (n = 479, p < 0.001). To illustrate CAT efficiency, Table 3
compares item numbers required to achieve traditional test precision levels,
showing overall savings of 24.4%-47.5% across banks, with only minimal increase
compared to TIPI’s 2 items, likely due to CAT’s initial random item selection
when ability estimates are unavailable.

Comparing Classic and GPT banks reveals that under identical precision stop-
ping rules, the GPT bank required fewer items than the Classic bank while
achieving similar or slightly superior marginal reliability and true-ability cor-
relations. When matching traditional test precision, the GPT bank required
significantly fewer items than the Classic bank—for BFAS precision, the GPT
bank reduced item count by 23.13% compared to the Classic bank (t(478) =
17.20, p < 0.001, Cohen’s d = 0.79). The Total Bank showed CAT performance
similar to the GPT bank.

In summary, under fixed measurement precision, the GPT bank’s CAT perfor-
mance exceeded the Classic bank, while CAT format enhanced testing efficiency,
further reducing required items while maintaining measurement accuracy.

3.2.2 CAT Performance Under Fixed-Length Conditions

Tables 4 and 5 present measurement error reductions and reliability improve-
ments when using traditional test lengths as CAT termination conditions. CAT
based on the Classic Bank significantly reduced measurement error by 13.83%—
22.69% compared to traditional tests (except TIPI) and increased reliability by
1.28%-5.40% (p < 0.001, Cohen’s d > 1), with no significant difference from
TIPI (p > 0.05). CAT from GPT and Total Banks significantly outperformed all
four traditional tests, reducing measurement error by 6.50%-31.44% and 7.91%-—
31.65% respectively (p < 0.001), while increasing reliability by 2.20%-7.14% and
2.30%-7.17% (p < 0.001).

Table 6 shows cross-sample reliability improvements under fixed-length con-
ditions, revealing generally consistent patterns with Sample 1 results. Even
compared to traditional tests with larger sample sizes, all three CAT banks
demonstrated significant reliability improvements (p < 0.001, Cohen’s d > 1).

Comparisons revealed that under identical test lengths, the GPT bank signif-
icantly reduced measurement errors (t(478) = 26.38, 30.35, 12.07, 37.13, p <
0.001) and increased reliability (t(478) = 22.53, 24.68, 11.13, 29.28, p < 0.001)
compared to the Classic bank, particularly converting negative to positive im-
provements over TIPI’s 2-item length. The Total Bank showed marginally better
performance than the GPT bank.

We further compared correlations among ability estimates from traditional meth-
ods and three CAT banks under fixed-length conditions, visualizing results
through heatmaps. Figure 5 [FIGURE:5] shows correlations between CAT and
traditional methods ranging from 0.79-0.97 (mean = 0.90). All three CAT banks
demonstrated higher correlations with true ability values than traditional meth-
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ods at equivalent lengths, confirming CAT’s high accuracy. Notably, the GPT
bank’s true-ability correlations generally exceeded the Classic bank’s, demon-
strating superior measurement accuracy.

3.2.3 Validity Verification

Validity verification results appear in Table 7 , showing all three banks sig-
nificantly correlated with all four criterion scales (p < 0.001) with coefficients
exceeding 0.83, indicating ideal validity.

Table 7 Criterion-Related Validity of Three Banks

Bank CBF-PI-B BFI-2 TIPI BFAS

Classic Bank 0.832*** 0.913*%**  0.860***  (0.914***
GPT Bank 0.831*** 0.917*%**  0.861*** (.918***
Total Bank 0.836*** 0.921**%*  (.862*** (.919***

Discussion

This study aimed to generate numerous Chinese emotional stability personality
items using the latest ChatGPT version and explore the suitability of these
item banks for CAT. Results demonstrate the GPT bank’s high quality and
superior CAT performance compared to classic items. The final Total Bank
achieved adequate validity while substantially improving measurement precision
and efficiency over traditional testing.

This study innovatively employs GPT to construct Chinese computerized adap-
tive item banks. Traditional item writing requires experts to leverage experience
and knowledge to create new items through iterative review, revision, and re-
finement until meeting quality standards—a process both time-consuming and
costly (Gierl et al., 2012). Our method provides an efficient and economical
pathway for bank construction. Moreover, ChatGPT’s conversational interface,
unlike older versions requiring solid NLP and machine learning foundations for
task-specific fine-tuning or programming (Hernandez & Nie, 2022; Gotz et al.,
2023; Lee et al., 2023), dramatically lowers the entry barrier for item developers.

ChatGPT based on GPT-4 maintains user-friendly operation while producing
superior items. Compared to prior research, our generated items demonstrate
higher validity. For example, correlating GPT-generated items with BFI-2
yielded a coefficient of 0.917 (p < 0.001) for emotional stability, substantially
higher than the 0.786 (p < 0.001) reported for GPT-2 (G6tz et al., 2023). Ad-
ditionally, GPT-4 produced fewer invalid items, with a 65.78% retention rate
after human quality judgment. In contrast, Gétz et al. (2023) reported that
60% of 10,000 iteratively generated items completely duplicated example items,
with only 92 items ultimately retained after expert review. Similarly, Hommel
et al. (2022) found 1,077 of 1,360 generated items completely duplicated ex-
amples, with only 53.4% of remaining items receiving expert content validity
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approval. Screening thousands of items proves both cumbersome and contrary
to AIG’s cost- and time-saving purpose, a pain point largely resolved by NLP
advances.

Our exploration reveals GPT’s enormous potential for generating non-cognitive
items. The emerging substitutability of automatic item generation for human
item writing signals a transformation in psychologists’ responsibilities. Since
GPT’s item generation process for specific measurement targets remains com-
plex and opaque, introducing unpredictability (Hommel et al., 2022), future
efforts must emphasize accurate and detailed measurement target definitions
to maximize structural validity, as Bejar (2013) noted: “Item generation and
construct representation are complementary” (p. 43). Moreover, item quality
still requires expert-defined evaluation criteria and review of generated items for
content alignment, grammatical errors, and bias. Standardizing generation pro-
cedures, establishing comprehensive GPT prompting principles, and accurately
defining measurement targets represent important future directions. OpenAl’s
recent GPTs feature, enabling users to create specialized ChatGPT versions with
custom rules, demonstrates that customizing professional models using expert
knowledge for specific tasks represents an inevitable trend.

Despite providing strong evidence for combining latest NLP-based AIG with
CAT, this study has limitations. First, GPT-generated items still exhibit de-
ficiencies, such as lacking reverse-scored items and variable item quality. Sec-
ond, optimal CAT algorithm selection remains open for discussion—for instance,
global Kullback-Leibler information-based item selection (Chang & Ying, 1996)
may offer more robustness than Fisher information, and exposure control meth-
ods like maximum priority index (Cheng & Chang, 2009) warrant exploration.

Overall, NLP technology development provides accessible and effective tools
for non-cognitive AIG and CAT. This study leverages the latest ChatGPT ver-
sion, demonstrating large language models’ enormous potential for computerized
adaptive item bank generation. Future research should explore GPT’s applica-
bility to broader measurement targets, especially constructs lacking existing
measures, and investigate whether more diverse formats like forced-choice items
(Brown & Maydeu-Olivares, 2011) can be advanced through GPT.
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Figure 6 [FIGURE:6] Factor loadings for all items in Total Bank

Table 8 Model fit indices for Total Bank

Figure 7 [FIGURE:7] Discrimination parameters for all items in Total Bank
Figure 8 [FIGURE:8] Information and standard error for Total Bank
Figure 9 [FIGURE:9] Marginal reliability curve for Total Bank
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