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Abstract

Large Language Models (LLMs) have become integral to education, business, and public life, yet cross-
culturally validated tools for assessing public attitudes toward them remain scarce. This study adapted
and validated two established five-item instruments, the Attitudes Toward General LLMs (AT-GLLM) and
Attitudes Toward Primary LLMs (AT-PLLM) scales, for use in the Chinese context. Each scale includes
two items measuring acceptance and three items measuring fear. A sample of 576 Chinese LLM users
completed the Chinese versions of both scales alongside the Attitudes Toward Artificial Intelligence
(ATAI) measure and a self-efficacy scale. Confirmatory factor analyses supported the expected two-
factor structure, acceptance and fear, for both scales, with acceptable model fit indices. Reliability
coefficients ranged from a = .54 to .74, with the lower value corresponding to the two-item acceptance
subscale, as expected given its brevity. Measurement invariance testing across low- and high-frequency
LLM users confirmed configural, metric, scalar, and strict invariance, indicating that the constructs
operate equivalently across experience levels. External validation showed that ATAl-acceptance strongly
predicted LLM acceptance, whereas ATAl-fear predicted LLM-related fear, supporting convergent validity.
Self-efficacy did not significantly predict LLM attitudes once general Al attitudes were accounted for.
These findings confirm the psychometric soundness and cross-cultural applicability of the AT-GLLM and
AT-PLLM scales in China. By providing validated instruments for one of the world’s largest and most
active Al ecosystemes, this study advances global understanding of LLM attitudes and offers tools for
guiding responsible, trust-oriented LLM design and policy development.

1. Introduction

The rise of large language models (LLMs) such as ChatGPT and DeepSeek has ushered in a new era of
generative artificial intelligence (Al). LLMs have transformed the way humans interact with Al, from
systems that simply follow programmed instructions to tools capable of engaging in dynamic, human-
like conversations. Their rapid advancement has led to deep integration across multiple sectors,
including education, healthcare, creative industries, and public administration. In China, this development
is particularly significant, not only in terms of adoption but also innovation, as domestic LLMs have
proliferated rapidly, supported by national policies promoting technological self-reliance and Al
sovereignty (Chang et al., 2025). China’s dual role as both a major user and a competitive developer of
LLMs has created a unique socio-technical landscape, making public attitudes toward these systems an
important area of investigation.

As with artificial intelligence (Al) more broadly, LLMs, as a subset of Al, have elicited both enthusiasm
and concern. They are widely regarded as innovative technologies that introduce novel capabilities
beyond existing digital tools, yet they also raise important ethical, social, and practical questions. This
duality is evident in the Chinese context as well. For instance, a sentiment analysis of Chinese social
media posts revealed generally positive public attitudes toward ChatGPT, while simultaneously revealing
persistent concerns regarding ethical risks, misinformation, job displacement, and human—computer
relationship (Lian et al., 2024). Similarly, Chinese oncologists reported both optimism about Al-driven
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chatbots improving accessibility and concerns over misinformation, liability, lack of personalization, and
privacy (Zeng et al., 2025). A cross-sectional study among Chinese medical students found that most
participants exhibited neutral or moderately positive attitudes toward LLMs and perceived them as
beneficial for medical (Pan & Ni, 2024). Therefore, understanding public attitudes toward LLMs is critical,
because attitudes shape technology adoption, trust, and regulation, all of which impact how these
systems integrate into society. In the Chinese context, the stakes are high: user acceptance influences
not only consumer uptake but also the legitimacy of state-led Al initiatives and the sociocultural
alignment of technology.

To develop responsible and context-sensitive LLM-based technologies and to support institutions in
navigating the complexities of integrating LLM-driven tools across diverse domains, understanding the
factors that influence LLM adoption is essential. Attitudes toward LLMs, including trust, perceived
usefulness and ethical acceptance, represent a key determinant of adoption behavior. Scholars have
emphasized that realizing the potential of LLMs requires frameworks grounded in trust, transparency,
fairness, and responsible Al governance (Sarker, 2024). In educational settings, a national study in higher
education institutions found that trust significantly influenced students’ perceptions of ChatGPT's
usefulness and ease of use, thereby shaping their intention to adopt it for academic purposes (Shahzad
et al., 2024). Similarly, in medical contexts, a study of Chinese doctors identified perceived usefulness,
technical support, and social influence as key determinants of LLM adoption, while perceived risk,
including ethical concerns and misinformation, negatively influenced usage behavior (Qu et al., 2024).
Furthermore, a study developing medical chatbots highlight that ethical and privacy concerns directly
affect users’ satisfaction and loyalty toward continued use (Niu & Mvondo, 2024). Despite growing
empirical research on attitudes and adoption factors, there remains limited work on systematically
measuring these attitudes. Developing reliable and valid scales to assess public and professional
attitudes toward LLMs is therefore critical for advancing empirical understanding and guiding ethical,
user-centered Al integration.

While numerous studies have developed instruments to assess attitudes toward artificial intelligence
(Al) (Schepman & Rodway, 2020; Stein et al., 2024), research specifically measuring attitudes toward
LLMs remains limited. For instance, a recent study used Technology Acceptance Model-Based Scale
(TAME-ChatGPT) to examine nursing students’ attitudes toward LLMs in relation to their metacognitive
abilities (Yeh & Siah, 2025). Survey-based research among internal medicine residents has also explored
concerns regarding LLM use using structured survey instruments that included items on hallucinations,
ethical implications, and misinformation (Fried et al., 2024). Studies have also used qualitative and
mixed-method investigations to explore user perceptions of LLMs in practice. A study used mixed-
methods sentiment and thematic analysis found that users have a highly positive attitude toward
DeepSeek, valuing its free analytical power but noting ethical and usability including censorship, data
privacy, and interface issues (Albuhairy & Algaraady, 2025). Another study used qualitative analysis
reported a positive attitude toward DeepSeek’s reliability and usefulness for language learning, though
ethical and privacy concerns persisted (Habeb Al-Obaydi & Pikhart, 2025). Other research has modified
existing attitudes or applied frameworks to assess attitude toward LLMs. One study employed a
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modified version of the General Attitudes Toward Artificial Intelligence Scale (GAAIS) to explore
perceptions among students and faculty, finding that while students expressed enthusiasm and a
willingness to engage with LLMs, faculty participants raised greater concerns about ethics, transparency,
reliability, and the potential erosion of human interaction in education (Rajik, 2024). Zhao et al. (2024)
applied the Technology Acceptance Model (TAM) and Innovation Diffusion Theory (IDT) to assess
educators’ attitudes toward LLMs. Similarly, a multinational survey used the TAM framework to examine
user intent to adopt DeepSeek for healthcare purposes, revealing that over half of participants were likely
to switch to DeepSeek over other LLMs (Choudhury et al., 2025). Finally, recent work showed that more
positive global attitudes towards Al translate more to trust in ChatGPT in German samples (Montag & Ali,
2023) and more trust in ChatGPT/Ernie Bot in a Chinese sample, but associations were far away from
perfect (Montag et al., 2025). This suggests that attitudes may differ between general perceptions of
LLMs/Al and attitudes toward specific models.

Although existing approaches capture general attitudes, ranging from optimism and trust to concerns
about bias and ethical implications, they lack systematic and psychometrically validated measurement.
Moreover, further evidence is needed to determine whether instruments originally developed to assess
attitudes toward Al can be reliably adapted for LLMs, which represent a distinct subclass of Al
technologies. This limitation stems from the fundamental difference between traditional Al systems,
which often operate in the background of user experience, and LLMs, which are interactive,
conversational, and anthropomorphized.

To address this gap, Liebherr et al. (Liebherr et al., 2025) and Barajeeh et al (2025a) validated two
dedicated instruments, the Attitudes Toward General LLMs (AT-GLLM) and Attitudes Toward Primary
LLM (AT-PLLM) scales, in English and Arabic, respectively. The English version was validated with a UK
sample, while the Arabic version was tested with an Arab sample. These scales adapt the five-item ATAI
scale (Sindermann et al., 2021) to the LLM context, measuring both acceptance (two items reflecting
trust and perceived benefit) and fear (three items reflecting ethical concerns, job loss, and existential
risk). The AT-GLLM assesses broad societal attitudes, while the AT-PLLM captures more personal,
experience-based evaluations toward one’s most frequently used model (e.g., ChatGPT or Deepseek).
Both scales showed solid psychometric validity, reliability in UK and Arab samples. Given China’s
sociotechnical environment, linguistic diversity, and government-led Al initiatives, it is crucial to test and
adapt these instruments for use in the Chinese context. The present work addresses this gap by
examining the applicability and cultural relevance of LLM attitude measures in China, contributing to a
more globally inclusive understanding of how people perceive and engage with generative Al
technologies.

The present study aims to extend prior work by adapting and validating psychometric instruments
designed to assess attitudes toward LLMs within the Chinese context. Building on the Attitudes Toward
Artificial Intelligence (ATAI) scale, we modify item wording to ensure relevance to LLM-specific
experiences, for example, replacing general references to “Al” with “LLMs" or “my primary LLM.”, while
maintaining the underlying structure and conceptual continuity of the original instrument. Two versions
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of the adapted scale are tested: the Attitudes Toward General LLMs (AT-GLLM), and the Attitudes Toward
Primary LLM (AT-PLLM). Using a large Chinese sample, we conduct exploratory and confirmatory factor
analyses to examine the factorial structure and measurement invariance of both instruments. In doing
so, this study provides a systematic validation of LLM attitude measures in China, contributing to a
contextual understanding of how users in one of the world’s leading Al ecosystems perceive and engage
with generative Al technologies. Furthermore, we expect that the AT-GLLM will demonstrate a strong
association with the original ATAI, as both instruments assess generalized attitudes toward Al
technologies.

2. Method
2.1. Study Design

The items used in this study were adapted from the English version of the AT-GLLM and AT-PLLM scales
proposed by Liebherr et al. (2025) for use with the Chinese sample. These scales were created as part of
a broader research project investigating various factors related to LLM usage, including attitudes toward
LLMs, levels of dependency on LLMs, and associations with personal and usage-related factors. In the
present analysis, only the sections of the questionnaire relevant to the development of the Chinese
versions of the AT-GLLM and AT-PLLM scales, as well as the variables employed for their external
validation, were utilized.

At the beginning of the survey, participants were presented with a brief introduction of LLMs, including
their scope and functionality. It clarifies that LLMs go beyond conversational systems such as ChatGPT
and include a broader range of functions and applications. This introduction ensures that all participants
have a similar baseline knowledge and ensure consistency in their responses regarding their familiarity
and use of LLMs. The introduction presented to participants was as follows:

“Large Language Models (LLMs) are advanced artificial intelligence systems designed to process and
generate human-like text by leveraging deep learning techniques and extensive datasets. A subset of these
models, known as conversational LLMs, are specifically designed to engage in natural, interactive dialogues
with users. These models are trained on vast amounts of text data, enabling them to generate meaningful,
context-aware replies during interactions.

Conversational LLMs are versatile and can assist with tasks such as answering questions, generating ideas,
or engaging in casual dialogue. Examples include ChatGPT by OpenAl, Gemini by Google, DeepSeek by
DeepSeek Al, Claude by Anthropic, Bing Chat by Microsoft, and Ernie Bot by Baidu.”

The following section gathered participant’'s demographic information including age, gender,
employment status, and education levels. To measure participants’ engagement with LLMs, the survey
included an item asking respondents to rate their frequency of LLM use on a scale from 0 to 10. The
subsequent section assessed participants’ attitudes toward LLMs, both in general and the primary one,
attitude toward artificial intelligence, using the Attitudes Toward Artificial Intelligence (ATAI)
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questionnaire. To reduce potential response bias and prevent habituation effects, the three
questionnaires were not presented consecutively, ensuring greater independence in participants’
responses. Following this, participants completed a single-item measure of self-efficacy, also rated on a
0-10 scale.

2.2. Sample

Participants were recruited via Credemo and WJX, two online data collection platforms. The sample
comprised individuals aged between 18 and 60 years who were residing in China. Data were screened
for quality, including the removal of incomplete responses and participants who failed attention checks.
The final sample consisted of 576 participants. participants were required to have prior knowledge of
LLMs and to have used at least one LLM-based website or application. Participants were also asked to
identify their most frequently used LLM (referred to as their “Primary LLM") and to report how often they
used it. To ensure that participants were actual users of LLMs, they rated their usage frequency on a
scale from 0 to 10, those who selected 0 were excluded.

The adequacy of the sample size was evaluated against established criteria for questionnaire validation
using confirmatory factor analysis (CFA). Each scale comprised five items specified in a two-factor
model. Methodological guidance indicates that CFA models with fewer than six indicators and simple
factor structures are adequately powered for parameter estimation and model fit evaluation when
sample size exceeds 200-300 observations (MacCallum et al., 1999). Simulation studies further show
that samples above 500 yield low bias, high solution propriety, and stable fit indices for small CFA and
SEM models with moderate-to-high loadings (Wolf et al., 2013). The achieved sample size therefore
exceeds commonly cited thresholds for reliable estimation in models of this size and complexity. In
addition, the study examined measurement invariance across frequency-of-use groups defined by
participants’ self-reported frequency of use of their primary LLM (low-frequency vs high-frequency
users). Guidance on multi-group CFA indicates that invariance testing across two groups remains
identifiable with unequal group sizes when the measurement model is simple and each group contains
at least 100 observations (Putnick & Bornstein, 2016). The group sizes in the present study satisfy these
conditions, supporting the estimation of configural, metric, scalar, and strict invariance across usage-
frequency groups.

Ethical approval for the study was obtained from Bournemouth University, UK (N62239, 03.03.2025).
Participants were provided with an information sheet detailing the study's aims, procedures, data
handling, and withdrawal rights. Informed consent was obtained electronically prior to survey
commencement.

2.3. Measures

Attitude towards Artificial Intelligence (ATAI)
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Participants’ attitude toward Al was measured using a five-item scale developed by Sindermann et al.
(2021). Each item of the scale was rated on an 11-point Likert scale from 0 (Strongly Disagree) to 10
(Strongly Agree). The ATAI includes two negatively correlated dimensions: acceptance measured
through trust and perceived benefits (two items), and fear measured through fear of Al, perceived risk to
humanity, and concerns about job loss (three items).

Attitude Toward General Large Language Models (AT-GLLM)

This instrument evaluates participants’ attitudes toward general LLMs. To guide participants, the
questionnaire was preceded by a brief instruction clarifying its purpose. Participants were instructed:
“Think of LLMSs in general and the applications built on them. To what extent does the following statement
apply to you?” ltems were rated on a scale from 0 (strongly disagree) to 10 (strongly agree). The scale
retained the original structure and content of the ATAI measure, but referents were adjusted to reflect the
broader scope of this version through minor rewording and the introductory instruction. For example, the
ATAl item “I trust artificial intelligence” was modified to “I trust them” to align with the general framing of
LLMs. The scale comprises two dimensions: acceptance (two items, e.g., “l trust them”) and fear (three
items, e.g., “l fear them”). Table 1 lists all items in both English and Chinese.

Attitude Toward Primary Large Language Models (AT-PLLM)

This scale includes five items assessing participants’ attitudes toward their primary or most frequently
used LLM. Before responding, participants were presented with the following instruction: “Think of your
primary LLM, meaning the LLM you use the most. To what extent does the following statement apply to
you?”. Each item was rated on the same 0-10 Likert-type used for the ATAl and AT-GLLM. AT-PLMM
captures two key aspects of attitude: acceptance (two items, e.g., “l trust it”) and fear (three items, e.g., “I
fear it").

Table 1. Iltems of the AT-GLLM and AT-PLLM Scales: English and Chinese Versions
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English Chinese

AT-GLLM  Attitude | fear them RN
toward | trust them MK

General LLMs They will destroy humankind L0

They will benefit humankind KRN

They will cause many job losses  KHMKKHKKEX

AT-PLLM  Attitude toward | fear it NN
Primary LLM | trust it XXX
It will destroy humankind MK
It will benefit humankind XM
it will cause many job losses HMNHMNRMN

Self-Efficacy

Self-efficacy was measured using the Single-ltem General Self-Efficacy Scale (GSE-SI) (Di et al., 2023) as
external criterion for validation. Participants rated the item, “I believe | can succeed at most of any
endeavour to which | set my mind?” using an 11-point Likert scale (0= Not true of me to 10 = Very True of
Me). Higher scores indicated greater levels of self-efficacy.

2.4. Data Analysis

The data were analysed using a multi-step validation process to examine the psychometric properties of
the adapted AT-GLLM and AT-PLLM scales.

Monotonicity check. The assumption of monotonicity between latent traits and item responses was
examined using nonparametric isotonic regression, which offers a robust and flexible approach that
does not rely on distributional assumptions. For each item, a restscore was calculated by summing
responses to all other items within the same scale, serving as a predictor of the target item’s response.
The fitted regression function was inspected to verify whether the expected item value increased
monotonically with the restscore. Results indicated that all items in both the AT-GLLM and AT-PLLM
scales satisfied the monotonicity assumption. The fitted values ranged from 0 to 10, confirming a
consistent non-decreasing relationship between the latent trait and item responses. In the AT-GLLM, the
trust item and benefit items displayed more moderate increases, whereas the fear and destruction
concerns items showed the steepest increase. In AT-PLLM, a similar pattern was observed, with fear and
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destruction concern items showing the steepest slopes and the benefit item exhibiting a more moderate
increase.

Confirmatory Factor Analysis. Confirmatory factor analysis (CFA) was conducted to verify the factor
structure of the AT-GLLM and AT-PLLM scales based on prior work (Barajeeh et al., 2025a; Liebherr et al.,
2025). The analyses were performed in R using the lavaan package (Rosseel, 2012), applying maximum
likelihood estimation with robust standard errors (MLR). Model fit was assessed using several indices:
the Chi-square statistic (x?), Comparative Fit Index (CFl), Tucker—Lewis Index (TLI), Root Mean Square
Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR). A good model
fit was indicated by CFl and TLI values > .90 and RMSEA and SRMR values < .08. The results supported
the hypothesized two-factor structure for both scales, representing acceptance and fear dimensions of
attitudes toward LLMs.

Reliability analysis. Internal consistency and construct reliability were assessed using several
complementary indices to capture both classical and latent-variable-based reliability. Analyses were
conducted separately for the fear and acceptance subscales of each questionnaire (ATAI, attitudes
toward general LLMs, and attitudes toward primary LLMs).

Cronbach’s alpha (a) was used as a traditional estimate of internal consistency. It reflects the average
inter-correlation among items within a scale, assuming tau-equivalence. Values of .70 or higher are
typically considered acceptable for research purposes, although moderately lower coefficients can be
expected in short or heterogeneous scales. McDonald’s omega (w) provides a less restrictive estimate
of internal consistency, accounting for unequal factor loadings among items. Unlike a, w does not
assume that all items contribute equally to the latent construct. Mean inter-item correlation (MIIC)
represents the average of all pairwise correlations among items. It is a direct indicator of item
homogeneity, with optimal values generally ranging from .20 to .50 depending on the breadth of the
construct being measured. Lower MIIC values may reflect conceptual diversity among items, while
excessively high values can suggest redundancy. Composite reliability (CR) was derived from CFA using
standardised factor loadings and residual variances. CR reflects the proportion of variance in the
observed variables that is explained by the underlying latent construct. Values above .60 are typically
regarded as acceptable, indicating adequate construct reliability. Average variance extracted (AVE) was
also estimated from CFA and represents the average proportion of variance that a construct explains in
its indicators. AVE values above .50 indicate that the latent factor accounts for more than half of the
variance in its indicators, supporting convergent validity.

Measurement of invariance testing. Measurement invariance was tested across groups defined by how
frequently participants use LLMs to examine whether the factor structure of attitudes toward General
and Primary LLMs is consistent across levels of user experience. Frequency of use is theoretically
relevant because familiarity with LLMs reflects differential exposure to the technology, which may
influence the attitudes, but should not alter the underlying construct being measured if the scale is valid.
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We evaluated whether the factor structure underlying the acceptance and fear dimensions of AT-GLLM
and AT-PLLM was equivalent for participants with lower versus higher levels of LLM experience.

A series of increasingly restrictive multi-group confirmatory factor analyses (CFA) was conducted using
the robust maximum likelihood estimator (MLR) in lavaan. Models tested configural, metric, scalar, and
strict invariance by sequentially constraining factor loadings, intercepts, and residual variances to
equality across groups while retaining correlated factors. Model fit was evaluated using the comparative
fit index (CFI), Tucker-Lewis index (TLI), root mean square error of approximation (RMSEA) with 90%
confidence intervals, and standardised root mean square residual (SRMR). Evidence for invariance was
determined using established practical cut-offs: a change of ACFl < 0.010 and ARMSEA < 0.015 between
successive models was taken to indicate that the more constrained model did not significantly worsen
fit. Where these criteria were met, the measurement model was considered invariant across levels of
LLM use frequency.

External Validation. External validation was conducted using three theoretically relevant variables: self-
efficacy, and the two components of ATAI (Al acceptance, and Al fear). Prior research suggests that
higher self-efficacy is positively associated with the adoption and trust of Al systems (Naiseh et al.,
2025) (Wang & Chuang, 2023). Individuals who perceive themselves as competent in using digital
technologies tend to display more favorable attitudes toward Al applications and lower levels of anxiety.
Accordingly, we hypothesized that there will be a positive relationship between self-efficacy and
acceptance attitude toward LLMs and a negative relationship between self-efficacy and fear attitude
toward LLMs. The ATAI scale was included as an external validation instrument to assess the
convergent and discriminant validity of the new AT-GLLM and AT-PLLM measures. Given that ATAI
served as the conceptual foundation for the new scales and ATAI and AT-GLLM measure general
attitudes, stronger correlations were expected between ATAI and AT-GLLM than between ATAI and AT-
PLLM.

To evaluate these relationships, a structural equation model (SEM) was estimated, including four
dependent variables, AT-GLLM Acceptance, AT-GLLM Fear, AT-PLLM Acceptance, and AT-PLLM Fear,
each regressed on three predictors: Self-efficacy, ATAI Acceptance, and ATAI Fear. The SEM was
estimated using the lavaan package with the maximum likelihood method and NLMINB optimization. All
variables were standardized prior to analysis. Nonparametric bootstrapping with 1,000 samples was
applied to generate robust standard errors, and model fit was evaluated using CFI, TLI, RMSEA, and
SRMR indices.

3. Results

3.1. Descriptive statistics and correlations

Table 2 and Table 3 presents the descriptive statistics and Pearson correlations for the study variables.
The mean scores generally indicated high levels of acceptance and low levels of fear toward both AT-
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GLLM and AT-PLLM. Similar pattern was observed for general Al acceptance and fear, confirming a
consistent pattern of greater acceptance than fear across all levels of technology familiarity. The
correlation results showed strong positive associations among the various acceptance dimensions, as
well as strong positive associations among the fear dimensions. In contrast, acceptance measures were
negatively correlated with fear measures, indicating that individuals who held more positive attitudes
toward LLMs and Al tended to experience less apprehension toward them. Additionally, self-efficacy was
positively correlated with acceptance and negatively correlated with fear, suggesting that individuals
with higher confidence in using Al technologies were more likely to hold a positive attitude toward them
and less likely to perceive them as threatening.

Table 2. Descriptive statistics between the study variables (N= 576).
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Descriptive statistics

Scale Mean SD Skewness  Kurtosis
1. AT-GLLM acceptance 15.30 285 -0.60 0.49
| trust them. 7.46 171 -0.89 1.58
They will benefit humankind. 7.84 1.48 -0.89 2.14
2. AT-GLLM fear 7.07 480 0.72 0.28
| fear them. 1.80 228 1.68 2.27
They will destroy humankind. 1.33 1.71 1.83 4.04
They will cause job losses. 3.93 2.57 0.20 -0.89
3. AT-PLLM acceptance 15.50 2.79 -0.66 0.58
I trust it. 7.56 1.67 -1.03 2.19
It will benefit humankind. 7.94 1.47 -0.53 0.39
4. AT-PLLM fear 6.99 472 0.81 0.77
| feat it. 1.88 227 1.67 2.50
It will destroy humankind. 1.18 1.63 1.88 4.52
It will cause job losses. 3.93 2.52 0.19 -0.83
5. ATAl acceptance 1515 264 -0.70 1.19
| trust Al. 7.27 1.61 -0.84 1.49
Al will benefit humankind. 7.89 146 -1.18 3.69
6. ATAI fear 8.41 5.08 0.51 0.05
| fear Al 2.47 215 1.06 0.91
Al will destroy humankind. 1.49 1.84 1.58 2.93
Al will cause many job losses.  4.45 2.47 -0.05 -0.81
7. Self-efficacy 7.33 1.45 0.07 -0.622

Table 3. Pearson correlations between the study variables (N= 576).
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Correlations
Scale 1 2 3 4 5 6

1. AT-GLLM acceptance -

2. AT-GLLM fear -411" -

3. AT-PLLM acceptance 828" _3p5™" -

4. AT-PLLM fear -.398"° B0 417 -

5. ATAI acceptance 808" -4027° 799" _413™ -

6. ATAT fear -46177 73377 _4607 7827 _467 -

7. Self-efficacy 3687 22777 33177 L2407 38477 L2547

3.2. Confirmatory factor analysis

The two-factor models of the AT-GLLM and AT-PLLM were evaluated through confirmatory factor
analyses (CFA) using the full dataset. Table 4 presents the model fit indices and standardized estimates
for both scales

AT-GLLM Scale: The analysis demonstrated an acceptable to good model fit: x2(3) = 16.870, p = .001; CFlI
=.973; TLI =.910; RMSEA = .090; SRMR = .037. All standardized factor loadings were significant (p <
.001), and ranged from .47 to .84, indicating that each variable contributed meaningfully to its latent
construct (see Table 4). The latent factors showed a moderate negative correlation (r =-.536, p <.001),
suggesting that greater fear were moderately associated with lower acceptance towards LLMs.
Assessment of the model residuals revealed no evidence of local misfit, as all residual correlations being
small in magnitude. The largest residual correlation (.097) was below the threshold of .10, indicating that
the model adequately represented the item relationships while preserving local independence

AT-PLLM Scale: The CFA results exhibited a very good model fit: x2(3) = 13.634, p = .003; CFl = .979; TLI =
.930; RMSEA = .078; SRMR = .031. All items loaded significantly and meaningfully onto their respective
latent factors, with loadings ranging from .21 to .65 (see Table 4). The latent variables were negatively
correlated (r =-0.511, p <.001), suggesting that lower fear toward primary LLMs was associated with
higher acceptance. An inspection of the standardized residual covariance matrix revealed no substantial
discrepancies between model and data, as all residual correlations were small in magnitude. The largest
observed residual (.080), was below the .10 threshold, indicating minimal unexplained covariance.

Table 4. CFA factor loadings and R-squares
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AT-GLLM AT-PLLM

Factor ltem Loading pR2 Loading pR2

Acceptance | trustit/them .844 .712 737 .544
It/They will benefit humankind  .709 .502 .781 .610

Fear | fear it/them 466 217 457 .209
It/They will destroy humankind  .743 .552 .807 .651
It/They will cause job losses .500 .250 485 235

Note: R? represents the proportion of variance in each item explained by the factor it loads on.

3.3. Reliability analysis

Reliability was evaluated for the Fear and Acceptance subscales of the ATAI, Personal AT LLM, and
General AT LLMs questionnaires. The analyses used Cronbach’s a, McDonald’s w (total), the mean inter-
item correlation (MIIC), composite reliability (CR), and average variance extracted (AVE).

Across all scales, internal consistency ranged from modest to good (a = .54-.74; w = .61-.75) (Table 5).
The two-item Acceptance subscales showed the highest reliability (a = .64-.74), whereas the Fear
subscales, each with three items, showed moderate consistency (a = .54-.68). MIIC values indicated
acceptable inter-item homogeneity, particularly for the shorter Acceptance scales (.48-.59). Composite
reliability (CR) and AVE followed the same pattern, with the highest values for the Acceptance subscales
(CR =.48-.60; AVE = .48-.60).

Table 5. Reliability statistics for ATAI, Personal AT LLM, and General AT LLMs questionnaires

Questionnaire Subscale n_items n alpha MIIC  omega_total CR AVE
ATAI Fear 3 576 0.679 0.423 0.688 0.424 0.424
Acceptance 2 576 0.642 0.475 0.647 0.479 0.479
Personal AT Fear 3 576 0.549 0.32 0.625 0.385 0.385
LM Acceptance 2 576 0.728 0.577 0.732 0.578 0.578
General AT Fear 3 576 0.541 0.308 0.608 0.367 0.367
HMs Acceptance 2 576 0.741 0.594 0.746 0.595 0.595

Note. a = Cronbach’s alpha; MIIC = mean inter-item correlation; w = McDonald’'s omega (total); CR =
composite reliability; AVE = average variance extracted.
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Taken together, internal consistency was highest for the Acceptance subscales, reflecting their focused
content and strong inter-item associations. The Fear subscales demonstrated moderate reliability,
consistent with their broader conceptual scope. All reliability indices were within acceptable limits for
research use, and the pattern of results indicates that the Acceptance scales are psychometrically
robust, whereas the Fear scales capture more heterogeneous attitudinal content.

3.4. Measurement invariance
AT-GLLM scale

Measurement invariance of the attitudes toward General LLMs (GLLM) was tested across two groups
defined by LLM use frequency (Low = 423; High = 153). The configural model, representing equal factor
structure but freely estimated parameters, achieved acceptable fit (x%(8) = 22.56, p = .004; CFl = 0.940;
TLI = 0.850; RMSEA = 0.079, 90% CI [0.041, 0.120]; SRMR = 0.034). This supports the presence of a
similar latent structure for acceptance and fear across levels of LLM use. Imposing equality constraints
on the factor loadings (metric model) produced comparable fit (x2(11) = 26.92, p = .005; CFl = 0.934; TLI
= 0.881; RMSEA = 0.071). The change relative to the configural model (ACFI =-0.006; ARMSEA =-0.009)
fell well within recommended limits, and the Satorra-Bentler x? difference test was non-significant (Ax? =
3.49, Adf = 3, p =.322), supporting metric invariance.

Adding intercept constraints (scalar model) led to a small further reduction in fit (x?(14) = 32.73, p = .003;
CFl =0.923; TLI = 0.890; RMSEA = 0.068). However, the ACFI (-0.012) and ARMSEA (-0.003) again
remained below conventional cut-offs (ACFI < 0.010-0.020; ARMSEA = 0.015), and the Satorra-Bentler
difference (Ax? = 4.48, Adf = 3, p = .214) was not significant, indicating that intercept equality was
tenable. Finally, constraining residual variances (strict model) improved fit markedly (x2(19) = 27.29,p =
.098; CFl = 0.966; TLI = 0.964; RMSEA = 0.039, 90% CI [0, 0.062]; SRMR = 0.063), with ACFI = +0.043 and
ARMSEA = —0.029 relative to the scalar model. The scaled x? difference was non-significant (Ax? = 3.28,
Adf =5, p = .656).

Taken together, the AT-GLLM model demonstrated full configural, metric, scalar, and strict invariance
across lower and higher frequency LLM users. This indicates that the acceptance and fear dimensions
of general LLM attitudes are measured equivalently across individuals with differing levels of LLM use
experience.

AT-PLLM scale

Similar to AT-GLLM scale, measurement invariance of the attitudes toward Primary LLMs was tested
across two groups defined by self-reported LLM use frequency (Low = 423; High = 153). The configural
model provided a good fit to the data (x2(8) = 11.23, p = .189; CFl = 0.986; TLI = 0.964; RMSEA = 0.037,
90% CI [0, 0.081]; SRMR = 0.024), supporting the equivalence of the factor structure across groups.
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Constraining factor loadings to equality (metric model) resulted in a slight decrease in fit (x?(11) = 18.51,
p =.071; CFl = 0.967; RMSEA = 0.049), but the changes relative to the configural model (ACFI = -0.019;
ARMSEA = +0.011) were within recommended thresholds (ACFI < 0.010-0.020; ARMSEA =< 0.015). The
Satorra—Bentler scaled ¥ difference was non-significant (Ax? = 3.59, Adf = 3, p =.309), indicating that
constraining loadings did not significantly worsen fit.

Adding intercept constraints (scalar model) slightly improved overall fit (x2(14) = 19.60, p =.143; CFl =
0.975; RMSEA = 0.037), with ACFI = +0.008 and ARMSEA =-0.011 relative to the metric model. The
Satorra—Bentler difference test was again non-significant (Ax? = 2.60, Adf = 3, p = .457). Constraining
residual variances (strict model) produced excellent fit (x3(19) = 21.15, p = .328; CFl = 0.991; RMSEA =
0.020), with ACFI = +0.015 and ARMSEA =-0.017 compared with the scalar model. The Satorra-Bentler
scaled difference was non-significant (Ax? = 3.83, Adf = 5, p = .574).

Across all levels, fit indices remained well within accepted criteria, and no step produced a statistically
significant deterioration in model fit. These results indicate that the PLLM measure demonstrates
configural, metric, scalar, and strict invariance across lower and higher frequency LLM users, supporting
equivalence of the factor structure, loadings, intercepts, and residual variances between groups.

3.4. External validation

This analysis examined the external validity of the AT-GLLM and AT-PLLM scales by assessing their
relationships with self-efficacy (M = 7.33, SD = 1.45) and general attitudes toward Al (ATAl-acceptance:
M = 15.30, SD = 2.85; ATAl-fear: M = 7.07, SD = 4.80). Using structural equation modeling (SEM), we
tested whether self-efficacy and general attitudes toward Al predicted the four LLM-specific attitude
dimensions: AT-GLLM-Acceptance, AT-GLLM-Fear, AT-PLLM-acceptance, and AT-PLLM-fear.

The model demonstrated a good fit: x2(3) = 31.586, p = <.001; CFl =.990; TLI = .930; RMSEA = .129;
SRMR =.079. The model accounted for a substantial proportion of variance across outcomes, explaining
61.5% of the variance in AT-GLLM Acceptance (R? = .615), 56.3 % in AT-GLLM Fear (R? = .563), 63.0% in
AT-PLLM Acceptance (R? = .630), and 61.0% in AT-PLLM Fear (R2 = .610). These results indicate that the
external predictors (Self-efficacy, ATAI-Acceptance, and ATAl-Fear) collectively provided significant
explanatory power for attitudes toward both general and primary LLMs.

For AT-GLLM acceptance, the SEM analysis showed that self-efficacy had a small to none impact on
Accepting general LLMs (B = .034, SE = .031, 95% CI [-0.023, 0.094], p = .283). ATAI-Acceptance
increased their likelihood of accepting general LLMs (B =.726, SE = .042, 95% CI [0.645, 0.806], p <.001),
indicating a close alignment between the variables. ATAI fear had a small association with AT-GLLM
Acceptance (B =-.112, SE =.031,95% CI [-0.176,-0.051], p <.001), indicating less fear of Al was
associated with more Acceptance of LLMs.

For AT-GLLM Fear, ATAI Fear emerged as a strong and positive predictor (B =.732, SE = .042, 95% Cl

[0.645, 0.809], p <.001), indicating a close alignment between both fear toward Al and general LLMs.
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Neither ATAI-Acceptance (B =-.042, SE = .038, 95% CI [-0.122, 0.027], p = .261) nor Self-efficacy (B =
-.038, SE =.029, 95% CI [-0.096, 0.023], p = .196) were significantly predictors of AT-GLLM Fear.

For AT-PLLM Acceptance, self-efficacy again had a non-significant effect on accepting primary LLMs (B =
-.003, SE =.031,95% CI [-0.064, 0.063], p = .925). ATAI-Acceptance showed a strong significant effect (B
=.760, SE = .040, 95% CI [0.686, 0.840], p <.001) indicating that people with higher Al acceptance tend to
also have greater acceptance of primary LLMs. ATAI Fear had a small association with AT-GLLM
acceptance (B =-.084, SE = .031, 95% CI [-0.144, -0.023], p =.008), indicating less fear of Al was
associated with more acceptance of primary LLMs.

For AT-PLLM Fear, ATAI Fear remained a strong positive predictor (8 = .771, SE = .042, 95% CI [0.680,
0.848], p <.001), indicating that people who fear Al are more likely to fear primary LLMs. Neither ATAI-
Acceptance (B =-.026, SE = .038,95% CI [-0.111, 0.046], p = .493) nor Self-efficacy (B =-.018, SE = .030,
95% CI [-0.073, 0.043], p = .550) were significantly predictors of AT-GLLM Fear.

4. Discussion

This study aimed to adapt and validate two scales to measure toward LLMs for use within the Chinese
context, which were originally developed in the UK population (Liebherr et al., 2025). The two scales are
the Attitudes Toward General Large Language Models scale (AT-GLLM) and the Attitudes Toward
Primary Large Language Model scale (ATPLLM). The AT-GLLM is designed to measure individuals’
attitudes toward large language models in general and concerns about LLMs as a technology class. In
contrast, the AT-PLLM focuses specifically on attitudes toward one’s primary or most frequently used
LLM. Building on previous validations in the UK, this study examined whether the factorial structure,
reliability, and validity of the scales could be replicated among Chinese participants. Overall, the findings
confirmed that both scales are psychometrically sound, conceptually stable, and suitable for assessing
Chinese users’ attitudes toward LLMs.

Compared to the validation of the English version of the AT-GLLM and AT-PLLM scales as well as the
Arabic version (Barajeeh et al., 2025b), the internal reliability indices obtained for the Chinese sample
were broadly consistent and within the expected range. In the Chinese data, Cronbach’s alpha values for
AT-GLLM were .54 for fear and .74 for acceptance, and for AT-PLLM were .55 for fear and .73 for
acceptance, indicating moderate to good internal consistency across both scales. As in the UK (AT-GLLM
a =.79 for acceptance and .78 for fear; AT-PLLM a = .75 and .74) and Arabic (AT-GLLM a = .68 for
acceptance and .75 for fear; AT-PLLM a = .68 and .68) studies, the Acceptance subscales exhibited
stronger internal reliability than the Fear subscales.

Composite reliability (CR) and average variance extracted (AVE) results supported this pattern, with CR

values of .595 and .578 and AVE values of .595 and .578 for the General and Primary Acceptance

subscales, respectively, indicating solid construct reliability and convergent validity. By contrast, the

relatively lower AVE values for the Fear subscales (.367-.385) are consistent with findings from

Sindermann et al. (2021), who reported a weak loading for the “job loss” item in the Chinese ATAI sample
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(A =.23) in the established ATAI measure. This suggests that Chinese respondents differentiate between
pragmatic concerns (e.g., employment impact) and broader or ethical fears. Such conceptual diversity
reduces shared variance among fear items, thereby lowering AVE, but it does not undermine the validity
of the construct. This interpretation is supported by our CFA results, where the fear items “It/They will
destroy humankind” showed the strongest factor loadings (A = .75-.81), while “It/They will cause job
losses” and “I fear it/them” showed weaker associations (A = .46-.50). These differences reflect those
observed in the established ATAI measure and suggest that Chinese respondents view existential risks
as more central to Al-related fear than economic or personal concerns.

When testing the measurement invariance of the AT-GLLM and AT-PLLM scales, we compared
individuals who used LLMs less often with those who engaged with them more frequently. This
measurement invariance test allowed us to test weather the scale operate equivalently across groups
that could differ meaningfully in their experience with the construct (Putnick & Bornstein, 2016). The split
was based on the median value of self-reported use, which happened to fall at seven on the ten-point
scale. As most participants reported use frequencies near the median value, the resulting groups
different in size. The group distribution likely reflect broader trends in LLM engagement, where regular
use has become increasingly common. The scales showed stable factor structures across both the
larger group of moderate-to-frequent users and the smaller group of intensive users, indicating that
people with very different levels of experience interpreted the underlying constructs of acceptance and
fear in the same way. These findings support the stability and robustness of the scales across varying
levels of user familiarity, suggesting that the AT-GLLM and AT-PLLM can be used confidently in future
research with diverse samples.

The external validation analysis confirmed that the ATAl-acceptance dimension strongly predicted both
acceptance toward general (AT-GLLM) and primary (AT-PLLM) large language models, while ATAI-fear
was a strong predictor of corresponding LLM-specific fear. These findings align with the original UK and
the Arabic validations of the AT-GLLM and AT-PLLM scales, confirming the theoretical continuity of the
ATAI framework across cultural contexts and supporting the convergent validity of the Chinese versions
of both scales. As in the Arabic validation, self-efficacy did not significantly predict either acceptance or
fear toward LLMs once general Al attitudes were accounted for, contrasting with the UK sample where a
small but significant effect emerged for AT-PLLM acceptance. This pattern suggests that in more
collectivist societies, such as China and the Arab world, attitudes toward Al and LLMs may depend less
on individual confidence in using technology and more on collective trust and perceived societal
benefits. Empirical evidence from Chinese contexts supports this interpretation: studies have shown that
Al self-efficacy influences Al acceptance primarily through trust in institutions and perceived moral
alignment (Mao & Liu, 2025) (J. Li et al., 2021). For instance, Mao and Liu (2025) found that Al self-
efficacy enhances Al acceptance mainly through trust, while Li et al. (2021) demonstrated that
institutional commitment and leadership norms play stronger roles in shaping trust than Al self-efficacy.

Consistent with the English and Arabic versions, a substantial proportion of variance in LLM attitudes
remained unexplained by general Al attitudes, ranging from approximately one-third to nearly half of the
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total variance in prior studies. This residual variance reflects discriminant validity, suggesting that while
attitudes toward LLMs share a strong conceptual foundation with general Al perceptions, they also
capture distinct affective and ethical dimensions. These dimensions potentially stem from the
interactive, conversational, and anthropomorphic nature of LLMs. Unlike traditional Al chatbots, LLMs
invite social engagement through human like style conversation which can evoke empathy and relational
bonding. Previous work showed that anthropomorphism increases trust toward Al agents (Natarajan &
Gombolay, 2020). Studies have also shown that perceived ease of use, usefulness and social influence
increase positive attitude toward LLM and its use (Abdaljaleel et al., 2024) (Liu et al., 2024). Taken
together, our findings indicate that while the AT-LLM framework generalizes well cross-culturally, the
psychological factors that could play role in the LLM acceptance differ culturally.

Beyond these findings, the study contributes to the going discussion regarding the structure of attitudes
towards Al. While some models such as the General Attitudes Toward Artificial Intelligence Scale
(GAAIS) (Schepman & Rodway, 2020) and the Attitudes Toward Artificial Intelligence (ATAI) (Sindermann
et al., 2021), support a two-factor model, other instruments such as ATTARI-12 (Stein et al., 2024)and the
AIAS-4 (Grassini, 2023) proposed a unidimensional construct. However, we argue that a single-factor
solution may not adequately capture the complexity of people’s responses to Al, as individuals can
simultaneously fear and accept these technologies. For instance, one may be fascinated by the
technological possibilities of LLMs while feeling uneasy about their ethical implications, a pattern
described in the literature as technological ambivalence (Bala et al., 2017). The present findings support
the two-factor approach and its validity across different cultures, reinforcing that acceptance and fear
can coexist within individuals. The present findings therefore support a two-factor conceptualization and
its cross-cultural validity, reinforcing that acceptance and fear can coexist within individuals.

Beyond its theoretical contribution, this study also carries practical implications for the responsible
development and deployment of LLMs. As LLMs continue to evolve rapidly, understanding public and
professional attitudes toward them is critical for ensuring reasonable, trustworthy, and socially aligned
design and use. Insights from validated attitude measures such as the AT-GLLM and AT-PLLM can
inform developers, policymakers, and educators about how people perceive the benefits and risks of
these technologies, thereby guiding user-centered and ethically grounded innovation. Moreover, by
providing validated instruments for the Chinese context, this study contributes to a more inclusive
understanding of global Al perceptions. This is important because China has emerged as a major force
in the global LLM ecosystem, particularly through the rapid growth of open-source models developed
domestically (e.g., Qwen and DeepSeek), which together have accounted for a significant share of global
Al usage in 2025 (M. Li, 2025) (Xu, 2025). As Chinese-developed LLMs continue to gain traction
internationally, understanding domestic public attitudes becomes crucial for fostering trust, acceptance,
and cross-cultural alignment in Al ecosystems. Attitude assessments can also help identify areas where
public concern, such as ethics or privacy needs to be addressed, enabling developers and policymakers
to tailor communication, governance, and design strategies that strengthen both public confidence and
responsible technological progress.
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The present study comes with the usual limitations of cross-sectional designs, which do not allow for
causal inferences between variables. Second, the sample consisted primarily of Chinese online users,
which may not fully represent the diversity of attitudes across different geographic regions, and levels of
digital literacy within China. This limits the generalizability of the findings beyond comparable, digitally
literate populations. Additionally, although the scales demonstrated sound psychometric properties,
attitudes toward LLMs are likely to evolve rapidly alongside ongoing technological advancements, policy
changes, and public discourse. Longitudinal research would therefore be valuable to assess how
exposure, trust, and ethical perceptions develop over time. Future studies should also complement self-
report data with behavioral indicators, for instance, examining whether more positive attitudes toward
LLMs predict actual use frequency, reliance patterns, or integration into professional workflows.

Despite these limitations, the present findings indicate that the personal and general LLM scales are
reliable and valid tools for assessing attitudes toward LLMs in the Chinese context. They can therefore
be confidently used in future cross-cultural research and applications aimed at understanding the social
and psychological dimensions of LLM adoption.

5. Conclusion

The present study provides evidence that the AT-GLLM and AT-PLLM as valid and reliable instruments for
assessing acceptance and fear of LLMs within the Chinese context. Their stable factor structure,
satisfactory reliability, and clear associations with general attitudes toward Al demonstrate that these
scales capture meaningful psychological constructs. By offering culturally adapted and psychometrically
sound tools, this work enables researchers and policymakers to better understand how users in China
perceive and engage with LLMs. These measures can inform communication, governance, and design
strategies that promote trust, ethical awareness, and responsible adoption.
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