
RESEARCH ARTICLE

Front. Edu. China 2026, 21(2): 150-174
DOI 10.3868/s110-021-026-0008-9

Portraits of Student Types Using GenAI- 
Assisted Learning: An Empirical Study Based 
on a Survey of Undergraduates from 20 
Higher Education Institutions in China*
MA Lipinga, ZHENG Xiangruib, ZHOU Xuehana

Abstract

Based on a survey of 12,678 undergraduates across 20 higher education institutions 
(HEIs) in China, this study shows that most students exhibit a critical use tendency when 
engaging in higher-order thinking tasks, such as critical and creative tasks with generative 
artificial intelligence (GenAI), and believe that GenAI-assisted learning positively 
contributes to their problem-solving ability. Furthermore, a latent profile analysis and 
regression analysis reveal four distinct types of GenAI-assisted learning users, reflecting 
the interaction between students’ level of technology acceptance and their self-regulated 
learning abilities. Firstly, cautious experiencers (42%) exhibit low acceptance, high critical 
use, and low expectations for skill development. Secondly, labor substituters (24%) 
demonstrate low acceptance, low critical use, and moderately high expectations for skill 
development. Thirdly, balanced explorers (21.2%) show high acceptance, low critical use, 
and moderately high expectations for skill development. Fourthly, deep users (12.8%) 
exhibit high acceptance, high critical use, and high expectations for skill development. 
Based on these findings, this study underscores the necessity for HEIs to guide 
undergraduates in the appropriate use of GenAI tools and proposes effective strategies, 
such as targeted educational interventions and the cultivation of artificial intelligence 
literacy. These measures will advance students’ transition toward the ideal profile of high 
acceptance, high critical use, and high expectations for skill development.

Keywords　generative artificial intelligence (GenAI); usage patterns; critical use; higher-
order thinking skills; latent profile analysis (LPA)

1　Introduction
Dialogue has long been significant to education. Educational thinkers, such as Socrates, have 
noted that education is not merely the simple transmission of knowledge. It is a dialogue 
and co-creation between teachers and students, through which both parties stimulate wisdom 
and enhance moral strength among students. However, with the development of artificial 
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intelligence (AI) technology, teachers, who have been traditionally regarded as sources of 
knowledge and authority, are no longer the exclusive discussants of students. Generative 
artificial intelligence (GenAI), based on deep learning technology and trained with massive 
amounts of text data, serves as a conversational learning tool that is interactive and functional 
(Michel-Villarreal et al., 2023). This tool, which gradually demonstrates significant potential 
to assist students in their academic development and drive the transformation of learning 
models, has been widely applied by college students in their daily studies, scientific research, 
and lives. Previous studies have found that nearly two-thirds of German college students 
surveyed have used AI-based tools for their studies (von Garrel & Mayer, 2023). A survey 
of a higher education institution (HEI) under the Double First-Class Initiative1 in China has 
indicated that approximately 70% of students express familiarity with GenAI (Li et al., 2024).

In the context of the digital and intelligent era, how are HEIs supposed to view students’ 
use of GenAI in their learning? Scholars have conducted an analysis of the AI policies of 
prominent HEIs in the United Kingdom and the United States. Their analysis reveals that, 
despite significant differences in attitudes toward students’ use of GenAI, most HEIs have 
issued developmental and regulatory guidelines (Gao & Zhang, 2024). For instance, HEIs, 
such as Cornell University and Harvard University, have established clear requirements to 
address the potential negative impacts of GenAI. Specifically, it is necessary for students to 
clarify the contributions of GenAI. Additionally, they are supposed to verify the content prior 
to use and assume responsibility for any submissions containing GenAI-generated materials. 
Princeton University did not introduce any regulations prohibiting students from using GenAI 
(Liu, 2023). In December 2024, Fudan University began piloting regulations governing the 
use of AI tools in undergraduate theses and projects. These regulations explicitly outline 
six prohibitions, including a ban on the direct use of AI tools to generate the main body of 
text for undergraduate theses, and provide detailed guidelines on the use of AI tools during 
the thesis writing process. In response to Fudan University’s prohibitions, two starkly 
contrasting viewpoints have emerged among faculty and students.2 Supporters believe this 
move is pioneering as an important attempt to establish boundaries for AI use in the future. 
Meanwhile, opponents argue that the use of AI tools by HEI faculty and students is an 
irresistible trend, and this measure risks overcorrection.

Guiding students in the scientific and standardized use of GenAI has become a major 
practical concern of HEIs. It is imperative to prevent negative impacts on the academic 
development of students while promoting the healthy application of GenAI in higher 
education practices. However, the key prerequisite to addressing this issue lies in fully 
understanding the differentiated behavioral characteristics and potential impacts of students’ 

1 Double First-Class Initiative refers to the construction of world-class universities and first-class disciplines. According to 
the Overall Program for Coordinating and Promoting the Construction of World-Class Universities and First-Class Disciplines, 
jointly announced by the Ministry of Education of the People’s Republic of China and other departments in 2017, the first 
round of the program includes 42 world-class universities and 97 first-class disciplines.
2 The first regulations on AI application among China’ s HEIs were published in the Fudan University Newspaper.



MA Liping, ZHENG Xiangrui, ZHOU Xuehan152

use of GenAI. This study investigates three questions. Firstly, what usage patterns do 
college students exhibit when using GenAI in learning activities based on different levels of 
thinking tasks? Secondly, are there differences among various student types in their critical 
use of GenAI? Thirdly, are there differences among various student types in the expected 
impact of GenAI on higher-order thinking skills? The answers to these questions are of great 
significance for the formulation of teaching management policies in HEIs and the adjustment 
of teaching practices in the digital and intelligence era. However, at present, there is a lack of 
corresponding empirical analysis in the academia. This study addresses the above questions 
through a questionnaire survey of over 10,000 undergraduate students from 20 HEIs in China.

2　Theoretical Foundation and Literature Review
2.1　Theoretical Models of Technology Acceptance and Use
The technology acceptance model (TAM) and the unified theory of acceptance and use 
of technology (UTAUT) provide important theoretical perspectives for exploring college 
students’ acceptance and usage behavior of GenAI (Budhathoki et al., 2024; Yilmaz et al., 
2023). The TAM indicates that whether people are willing to use GenAI depends on its 
perceived ease of use and usefulness. That is, if GenAI is easy to use, quick to master, and 
significantly improves learning efficiency or effectiveness, students are more likely to accept 
and use this technology. The UTAUT provides a more comprehensive framework, indicating 
that performance expectancy (tool usefulness), effort expectancy (tool ease of use), social 
influence (people around them), and facilitating conditions (such as technical infrastructure 
and internet connection) all affect people’s use of technology. Some studies have further 
expanded the TAM and UTAUT theories, suggesting that habit is another significant factor. 
Students may have established a regular and consistent pattern of using GenAI as part of 
their academic routine, forming a habit of use or even psychological dependence (Strzelecki, 
2023). Conversely, an important factor precluding the use of GenAI is the perception of 
possible risks, such as unreliability of information or negative impacts on academic and skill 
development of students (Abdaljaleel et al., 2024).

Students’ acceptance of GenAI directly affects their usage behaviors and critical use 
tendencies, which in turn brings different impacts on their skill development. The analytical 
factors in the above theoretical frameworks reveal the potential value of GenAI in assisting 
student learning while reflecting the potential negative impacts it may bring. Although 
GenAI is capable of enhancing the learning efficiency of students by providing instant 
feedback, overreliance may affect the depth and breadth of their academic development and 
undermine their higher-order thinking skills. For example, excessive reliance on GenAI-
generated content may have a negative impact on the improvement of independent thinking 
and problem-solving ability. Furthermore, GenAI is intended to bring about issues with 
information accuracy. If students lack sufficient evaluation of the authenticity and reliability 
of the generated content before using it, such misleading information will affect their 
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academic and skill development. Therefore, the critical use of GenAI is closely related to its 
impact on the higher-order thinking skills of students.

2.2　Scenario Characteristics and Critical Use Behaviors of GenAI-Assisted Learning
Students utilize GenAI to assist their learning in diverse ways and for various purposes. A 
study based on qualitative interviews or surveys reveals that in learning activities, students 
frequently employ GenAI to assist in knowledge comprehension, literature processing, 
foreign material translation, and academic writing (Nguyen et al., 2024). A survey of German 
college students shows that the three most common GenAI application scenarios are assisting 
in clarifying questions of understanding and explaining subject-specific concepts, research 
and literature study, and translations (von Garrel & Mayer, 2023). Research on undergraduates 
at an HEI under the Double First-Class Initiative in China demonstrates that text generation 
and information retrieval are the two most prevalent application scenarios among students 
(Li et al., 2024). In addition, a study employs latent profile analysis (LPA) to profile college 
students based on their reliance on 13 application scenarios, revealing significant differences 
in GenAI usage among students. Only approximately 10% have high overall self-reported 
reliance, whereas the majority exhibit selectivity in application scenarios, such as frequently 
utilizing GenAI for information retrieval, content acquisition, and writing (Stojanov et 
al., 2024). However, the aforementioned studies merely describe the various scenarios of 
students’ GenAI use, failing to provide an in-depth understanding of their usage preferences 
and strategy characteristics.

Beyond the adoption of GenAI and its applicable task contexts, its impact on college 
students centers on whether they are capable of critical use during the process. Specifically, 
whether they engage in cautious reflection before utilizing the information provided by 
GenAI and verifying its authenticity appropriately. The theory of self-regulated learning 
indicates that during the learning process, it is necessary for individuals to actively set goals 
and strategies and continuously conduct process monitoring and outcome reflection. Among 
these, metacognitive monitoring and reflection-based judgment are key elements, directly 
related to students’ capabilities to comprehend, evaluate, and filter information and knowledge 
(Zimmerman, 2002). During the process of GenAI-assisted learning, whether students possess 
the awareness and capability of critical use reflects the level of their self-regulated learning. 
Specifically, critical use involves the judgment and selection of AI-generated outputs and 
relies on students’ ability to identify the applicability and limitations of the generated content 
within specific learning tasks. This process essentially constitutes a deep-level monitoring and 
regulation of learning behaviors.

To maximize the positive impacts of GenAI, it is imperative for students to possess the 
awareness and ability of critical use. Studies indicate that GenAI provides incorrect and 
biased information, yet people are frequently misled by its comprehensiveness and well-
articulated language style (Kabir et al., 2024). When GenAI provides rapid and high-quality 
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responses in most scenarios, students tend to develop complacency, relying on GenAI to 
accomplish various learning tasks and gradually quitting self-reflection and critical thinking 
(Bi, 2023). However, if students approach GenAI-generated content with caution, identify 
biased statements, fully exert their subjective initiative, and critically use the information, 
GenAI is believed to facilitate the training of students’ critical thinking approaches and skills 
(Duan & Qian, 2024; Liu, 2023). However, how do students utilizing GenAI in academic 
activities treat the generated results? A few studies have investigated the verification and 
critical use of GenAI-generated information by students based on empirical data.

2.3　Three Perspectives on GenAI-Assisted Learning and Student Skill Development
The academia holds three distinct perspectives on how GenAI-assisted learning among 
college students affects their skill development. Supportive scholars argue that GenAI serves 
as an effective instrument that enhances learning efficiency and promotes skill development. 
Relying on data and algorithmic advantages, GenAI is claimed to support students in 
achieving interactive, adaptive, and personalized learning (Chinonso et al., 2023; Duan & 
Qian, 2024; Gao, 2023; Jiang et al., 2023). Studies demonstrate that using GenAI as a virtual 
assistant does improve productivity (Fauzi et al., 2023; Hitsuwari et al., 2023; Noy & Zhang, 
2023). It liberates students from repetitive and mechanical labor. Furthermore, it provides 
students with inspiration and extensive materials, thereby promoting their creative problem-
solving ability (Urban et al., 2024). In addition, some scholars argue that GenAI has the 
potential to improve the effectiveness and efficiency of task completion while fostering the 
development of students’ higher-order thinking skills. For example, the diverse information 
and guidance provided by GenAI encourage students to engage in deep reflection and assess 
information accuracy, thereby fostering their critical thinking (Lo et al., 2024). GenAI 
provides students with personalized responses, automatic grading of assignments, and real-
time feedback. By leveraging GenAI for deep learning and reasoning support, as well as 
guidance in deep reflection, students are able to improve their critical thinking skills and 
problem-solving ability (Farrokhnia et al., 2024; Wu & Liu, 2023). A survey on 12 HEIs 
under the Double First-Class Initiative in China reveals that increasing the frequency of both 
basic executive applications and in-depth creative applications of large language model tools 
has a significant positive impact on the development of students’ higher-order thinking skills. 
The interaction quality plays a crucial mediating role during the process (Li et al., 2025).

However, negative evaluations and concerns regarding GenAI are frequently expressed. 
Scholars point out that GenAI poses a threat to the academic and skill development of 
students. For instance, excessive use leads to the degradation of self-directed learning 
abilities, and one-way information instillation—where every question is answered—easily 
induces cognitive laziness and psychological dependency among students (Ahmad et al., 
2023; Li, 2023). Blindly trusting the information provided by GenAI weakens critical 
thinking, while insufficient model training produces biased and misleading information. 
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Accepting these results without reflection is likely to trap students in technological pitfalls 
(Kasneci et al., 2023). The overemphasis on instrumental rationality and efficiency results in 
laziness in the learning process, where students merely seek to complete tasks quickly without 
deep understanding, allowing machines to replace their insights and reflection (Xun, 2023). 
Moreover, it is necessary to be vigilant about the risk of students becoming manipulated by 
new technologies. Excessive use of GenAI can negatively impact the creativity, independent 
thinking, self-directed learning abilities, and critical thinking skills of students (Zhang & 
Yang, 2024).

Beyond supportive and opposing viewpoints, a third perspective exists. Scholars adhering 
to technological neutrality argue that whether a technology is beneficial or harmful depends 
on its users rather than the technology itself. Therefore, the outcomes brought about by GenAI 
depend on the usage behaviors of students. For example, a questionnaire-based investigation 
has found that GenAI itself does not directly shape the creativity of college students. Its 
impact on the creativity of college students depends on their self-regulated learning and 
awareness of ethical boundaries when using GenAI (Wang & Huang, 2024). Another analysis 
suggests that the impact of GenAI on the innovativeness of students relates to how students 
use it. Moderate use of GenAI significantly enhances graduate students’ innovativeness in 
research and innovation outcomes, while excessive use can induce tool dependency, which 
in turn negatively impacts innovativeness (Ma et al., 2024). A limited number of empirical 
studies have examined the impact of GenAI use on students’ writing skills (Minh, 2024), 
problem-solving ability (Urban et al., 2024), creativity (Habib et al., 2024), and critical 
thinking skills (Essien et al., 2024; Suriano et al., 2024). However, these studies have largely 
focused on examining the performance of students from a single institution or specific 
major in small-scale laboratory settings, which limits their external validity to some extent. 
Currently, research based on large-scale survey data remains scarce. In particular, there is a 
lack of systematic analysis regarding how GenAI use affects the higher-order thinking skills 
of students across different educational levels and academic disciplines.

While students’ acceptance and usage behavior of GenAI have garnered widespread 
attention in the academia, existing research is largely confined to its influence on acceptance, 
adoption willingness, and application scenarios. Empirical studies that systematically 
examine how college students use GenAI, whether distinct usage patterns exist, and what 
impact GenAI use has on the development of students’ higher-order thinking skills remain 
highly scarce. Therefore, in July 2024, a questionnaire survey, titled The Learning Behaviors 
of College Students in the Digital and Intelligent Era, was conducted among undergraduates 
at 20 HEIs in China. It aimed to understand students’ acceptance of GenAI, its primary 
application scenarios, usage behavior, and their expectations regarding the impact of 
GenAI-assisted learning on their abilities. This study employs the analytical framework 
of lower-order thinking and higher-order thinking to profile college students engaging in 
GenAI-assisted learning. Furthermore, it examines the differences among various student 
types in their critical use of GenAI and the expected impact of GenAI on higher-order  
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thinking skills. Responses to the aforementioned questions can provide empirical evidence 
to inform the formulation of teaching management policies in HEIs and the adjustment of 
teaching practices in the digital and intelligent era.

3　Methods
3.1　Data Sources
Stratified sampling is conducted based on the geographical locations and hierarchy types of 
HEIs. Among the 20 HEIs selected for the questionnaire survey in China, 11 are under the 
Double First-Class Initiative and 9 are not.3 In terms of locations, 10 are located in eastern 
China, 4 in central China, 4 in western China, and 2 in northeastern China. Following a 
rigorous quality review of the survey responses, 12,678 valid undergraduate samples have 
been obtained. Among these, 51.1% of the students are from HEIs under the Double First-
Class Initiative, while 48.9% are from HEIs not under the Double First-Class Initiative. 
Undergraduates in their first, second, third, and fourth years account for 41.5%, 26.0%, 
23.0%, and 9.5%, respectively. Undergraduates majoring in Natural Sciences, Engineering, 
Humanities, Social Sciences, and Agriculture and Medicine account for 14.6%, 33.4%, 
16.1%, 32.8%, and 3.1%, respectively. The proportions of males and females are 40.3% and 
59.7%, respectively. Students with rural and urban household registrations account for 50.7% 
and 49.3%, respectively. The average duration of education for the students’ fathers is 11.9 
years, approximately equivalent to a high school diploma.

3.2　Analysis
Students’ use of GenAI for different tasks reflects their varying usage preferences and 
strategies, as well as their differing degrees of critical use tendencies. However, the 
questionnaire survey is unable to provide in-depth insights into the specific interaction 
processes between students and GenAI, and it remains difficult to assess students’ levels 
of thinking tasks using behavioral coding or natural language processing techniques. In 
this case, this study attempts to identify their usage preferences and strategies based on 
self-reported proportions of GenAI application in various learning activities. Specifically, 
this study draws on the revised Bloom’s taxonomy of educational objectives (Anderson 
et al., 2001) to summarize the six progressively complex categories involved in cognitive 
processes, including memory, comprehension, application, analysis, evaluation, and 
creation. Accordingly, the primary application scenarios of GenAI are classified into 
two categories of lower-order thinking tasks and two categories of higher-order thinking 

3 Generally, the proportion of HEIs under the Double First-Class Initiative is lower than that of HEIs not under the Double 
First-Class Initiative. To gain a deeper understanding of the characteristics of college students at HEIs under the Double 
First-Class Initiative and to ensure sample representativeness, this study employs a balanced sampling design to enroll 
approximately equal numbers of participants from both HEI types.
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tasks based on the supported level of thinking tasks. Lower-order thinking tasks refer to 
knowledge-based and mechanical tasks, primarily involving memory, comprehension, and 
application of information and knowledge. Higher-order thinking tasks refer to critical 
and creative tasks, which require deeper levels of analysis, evaluation, and creation. The 
definitions of these four categories of thinking tasks are presented in Table 1. While lower-
order unreflective prompt input may be involved in higher-order thinking tasks, overall, 
students’ usage tendencies across different tasks reflect their relatively stable cognitive 
preferences. Therefore, although this study is based on task type classification rather than 
direct interactive behaviors, this classification retains certain theoretical foundations and 
practical significance.

Table 1
Categories of GenAI Application Scenarios for College Students

Level of 
thinking tasks

Type Example

Lower-order Knowledge-
based tasks

Using GenAI to recognize, understand, and master knowledge or 
skills, such as conceptual explanations, problem-solving steps, 
and grammar correction

Mechanical 
tasks

Using GenAI for tasks that are highly repetitive and require less 
deep thinking and creativity, such as data entry, literature retrieval, 
and article translation

Higher-order Critical tasks Using GenAI to analyze, summarize, evaluate, and critique relevant 
materials, such as academic debates, case studies, paper 
analyses, and theoretical explorations

Creative tasks Using GenAI to produce original outcomes, such as research ideas, 
experimental designs, paper writing, software designs, and artistic 
creations

For each type of task, students are queried regarding two main aspects. First, when using 
GenAI for each type of task, what percentage of the task is completed with the assistance of 
GenAI? The provided options include 0%–5%, 5%–20%, 20%–40%, 40%–60%, 60%–80%, 
and 80%–100%. Second, when using GenAI for each type of task, how often do students 
verify the accuracy of the provided information or engage in critical thinking about it? 
Three options are offered, including “Never or occasionally,” “Sometimes,” and “Often or 
always.” The two key behavioral indicators of authenticity verification and critical thinking, 
respectively, reflect their tendencies toward information evaluation and cognitive processing 
when students are using GenAI. Subsequently, students are further asked to self-assess the 
expected changes in their higher-order thinking skills based on their experience using GenAI. 
Drawing on the framework of higher-order thinking tendency used in a previous study (Hwang 
et al., 2017), the higher-order thinking skills discussed in this study specifically include 
problem-solving ability, critical thinking skills, and creativity. The options are “Decreased,” 
“Unchanged,” and “Increased.”
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There exist deficiencies in traditional cluster analysis, such as its susceptibility to outliers, 
inability to provide probabilistic interpretations of classification uncertainty, and lack of 
objective criteria for determining the number of categories. To address these issues, LPA is 
employed to identify distinct GenAI usage patterns, specifically by providing probability 
estimates for the assignment of each student to different categories. Given that students’ usage 
levels in the four task types are coded as continuous variables representing percentages, LPA 
is primarily adopted in this study. Specifically, with the proportion of GenAI usage across 
the four task types as the observed variable, this study gradually increases the number of 
categories starting from a two-class model until the optimal classification model is identified. 
The number of categories is primarily selected based on a comparison of various model fit 
indices while taking into account the sizes of the latent categories and interpretability of the 
model, as well as its theoretical basis and practical value.

Building on the above classification, descriptive statistics and ordered logistic regression 
are further employed to analyze the differences among various student types in terms of 
critical use behaviors and self-assessed skill development. The primary control variables in 
the regression equation encompass individual and family characteristics of students, which 
include gender, household registration types (rural or urban), family residence (county-level 
cities and below, prefecture-level cities, provincial capitals, municipalities directly under the 
central government, or Hong Kong, Macao, and the Taiwan region), and the education level 
of the father. Another control variable is study-related characteristics. This includes whether 
the student studies at an HEI under the Double First-Class Initiative, the local economic 
development level (GDP per capita), grade level, discipline (Natural Sciences, Engineering, 
Humanities, Social Sciences, Agriculture, and Medicine), and the student’s grade point 
average (GPA) ranking within their major.

4　Analysis of the Types of GenAI Usage Patterns among College Students
4.1　Latent Profile Model Fitting Analysis of GenAI Usage Patterns
Table 2 presents the LPA model fit results. It is evident that as the number of categories 
increases, the Akaike information criterion (AIC), Bayesian information criterion (BIC), 
and adjusted BIC (aBIC) continuously decrease, indicating continuous improvement in 
the model’s fit. The entropy values for all models exceed 0.80, indicating that the accuracy 
of these classification models is acceptable. In particular, the entropy values for the four-
class, five-class, and six-class models exceed 0.98, demonstrating high model accuracy. 
However, among the four-class, five-class, and six-class models, only the four-class model 
achieves significant levels in both the Lo-Mendell-Rubin (LMR) likelihood ratio test and 
the bootstrapped likelihood ratio test (BLRT). Furthermore, additional analysis reveals that 
classes 1 and 2 in the five-class model are merely classifications based on overall usage levels 
derived from class 1 in the four-class model, providing no extra practical significance. Taking 
into account the above indices and practical interpretability, the four-class model is identified 
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as the optimal LPA model. Specifically, the four-class model is selected as the optimal model 
based on students’ GenAI usage patterns.

Table 2
Comparison of Model Fit for Latent Categories of GenAI Usage Patterns among College 

Students

AIC BIC aBIC Entropy LMR
p-value

BLRT
p-value

Category 
probability

2 –17,856.077 –17,760.452 –17,801.764 0.879 < 0.001 < 0.001 0.626/0.374

3 –22,350.197 –22,217.792 –22,274.994 0.852 < 0.001 < 0.001 0.455/0.404/0.141

4 –29,433.398 –29,264.214 –29,337.306 0.999 < 0.001 < 0.001 0.420/0.212/
0.128/0.240

5 –34,643.379 –34,437.416 –34,526.396 0.999 > 0.001 < 0.001 0.177/0.243/0.240/
0.212/0.128

6 –35,562.568 –35,319.825 –35,424.695 0.981 > 0.001 < 0.001 0.172/0.215/0.240/
0.212/0.128/0.033

4.2　Classification of Student Types Based on GenAI Usage Patterns
This study illustrates the students’ use of GenAI across the four task types with the assistance 
of GenAI (see Figure 1). Regarding the characteristics of GenAI-assisted academic activities 
among all students, GenAI is primarily used for lower-order thinking tasks, whereas the overall 
proportion of GenAI usage in higher-order thinking tasks is relatively low. Among the four 
task types, mechanical tasks account for the highest GenAI usage proportion among all tasks 
completed with GenAI assistance (44.3%), followed by knowledge-based tasks (34.8%). Critical 
tasks account for 30.7%, and creative tasks account for 29.8%. Possible reasons for these 

Figure 1
Latent Categories for Four GenAI Usage Patterns
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differences include the following. First, mechanical and knowledge-based tasks are more 
suitable for automated and standardized processing. However, higher-order thinking tasks 
rely more on individual thinking and creativity, limiting the supportive role of GenAI in these 
tasks. Second, students are inclined to use GenAI for tasks requiring extensive information 
processing and repetitive operations. In contrast, for tasks necessitating in-depth analysis, 
critical evaluation, and innovation, they tend to prioritize traditional learning methods.

Based on the proportion of students using GenAI for various tasks, the four usage patterns 
are named cautious experiencers, labor substituters, balanced explorers, and deep users, 
respectively, reflecting the differentiated usage tendencies of college students toward GenAI.

The first category, i.e., cautious experiencers, accounts for 42.0%, representing the largest 
group. Overall, the proportion of these students applying GenAI across the four task types 
is significantly lower than that of the other three groups. The lowest usage proportions 
are observed in critical and creative tasks, at merely around 10%. In contrast, the usage in 
mechanical tasks is relatively higher (32.9%), yet still lower than that of other student groups. 
This indicates that these students maintain a more conservative attitude toward GenAI and are 
inclined to use it for basic tasks. They possibly lack confidence in its effectiveness or perceive 
potential negative impacts, thereby adopting a cautious trial approach.

The second category, i.e., labor substituters, accounts for 24.0%. A notable characteristic 
of this group is their primary reliance on GenAI for mechanical tasks, with up to 46.5% of 
such tasks assisted by GenAI. In contrast, the proportion of GenAI usage in higher-order 
thinking tasks, such as critical thinking and creative tasks, is relatively lower (30.0%). This 
indicates that these students are highly selective regarding GenAI application scenarios. 
They are inclined to treat GenAI as an efficiency tool for routine, repetitive, and mechanical 
tasks, while rarely recognizing its significant value in promoting higher-order thinking tasks. 
Alternatively, they perceive its performance in assisting critical thinking and innovative 
academic activities as suboptimal.

The third category, i.e., balanced explorers, accounts for 21.2%. These students apply 
GenAI in a relatively balanced manner across the four task types, with an average proportion 
of approximately 50%. Among these, mechanical tasks have the highest usage (52.4%), 
followed by critical tasks (50.0%) and knowledge-based tasks (48.0%), whereas creative 
tasks account for the lowest proportion (46.2%). These students are willing to apply GenAI 
across various learning activities, demonstrating an open attitude toward it. They are ready to 
explore its applicability in different learning tasks, thereby enhancing their learning efficiency.

The fourth category, i.e., deep users, accounts for the smallest proportion (12.8%). This 
group exhibits the highest proportion of GenAI application across all tasks, especially in 
critical tasks, where the proportion exceeds 70%. Furthermore, the proportion of GenAI usage 
by these students in creative learning activities reaches as high as 62.9%. In knowledge-based 
and mechanical tasks, they similarly use GenAI frequently as an assistive tool to enhance 
their learning efficiency. Compared to other types of students, deep users demonstrate a high 
degree of trust in and reliance on GenAI-generated content across task types, viewing it as a 
crucial tool for handling different lower-order and higher-order thinking tasks.



161Portraits of Student Types Using GenAI-Assisted Learning

5　Critical Use Behaviors of GenAI among Four Student Types
Figure 2 illustrates the critical use of GenAI-generated content by all students across 
four application scenarios of GenAI-assisted learning. Overall, college students generally 
demonstrate less critical use of GenAI-generated content during mechanical tasks. The 
reason might be that mechanical learning tasks inherently require repetitive, formulaic, or 
standardized work, such as simple information retrieval, document organization, and basic 
calculations. Since these tasks typically do not involve complex cognitive processes, and 
GenAI offers relatively high efficiency and accuracy, students consider it unnecessary to 
spend extra time and effort on in-depth verification, thereby tending to trust the answers 
or results provided by GenAI. College students demonstrate better critical use of GenAI 
in knowledge-based tasks than in mechanical tasks. Half of the students regularly apply 
the knowledge provided by GenAI critically, and the proportion of those who do so only 
occasionally is relatively low. In contrast, college students tend to be most critical when 
using GenAI in higher-order thinking tasks, such as critical and creative tasks. These tasks 
require students to engage in higher-order thinking processes, including analysis, synthesis, 
evaluation, creation, and problem solving. Typically characterized by openness and 
diversity, these tasks come with no standard answers. Therefore, it is necessary for students 
to fully engage in critical thinking to evaluate the reliability, relevance, and applicability 
of the information. In these tasks, the content generated by GenAI may merely provide 
an initial idea or framework, and students are required to further integrate and expand 
upon the information. Therefore, when engaging in these higher-order thinking tasks, it is 
important for students to critically use the content generated by GenAI, verify its accuracy 
and applicability, and make judgments and adjustments based on their knowledge and 
understanding.

Figure 2
Critical Use of GenAI
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Figure 3 reveals the similarities and differences in the critical use of GenAI among four 
student types. Deep users demonstrate a higher tendency toward critical use across all types 
of tasks. Particularly in lower-order thinking tasks, such as knowledge-based and mechanical 
tasks, their tendency toward critical use differs significantly from that of other student types. 
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This suggests that the relatively small proportion of deep users utilize GenAI more frequently 
while maintaining a more cautious attitude toward all the generated content. It reflects their 
higher levels of AI literacy and critical thinking skills. This finding is consistent with existing 
LPA studies. Specifically, profiles indicating higher reliance on GenAI demonstrate better AI 
literacy, hold more positive attitudes toward GenAI, and perceive a more critical usage of it 
(Stojanov et al., 2024).

Figure 3
Critical Use of GenAI among Four Student Types
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Moreover, cautious experiencers exhibit a generally high tendency toward critical use, with 
little difference from deep users. In particular, they utilize the answers provided by GenAI 
with caution in higher-order thinking tasks, such as critical and creative tasks. This implies 
that, besides deep users, cautious experiencers typically possess a strong critical awareness 
and are more sensitive to the potential risks of GenAI. They utilize GenAI less frequently 
overall, while acting more cautiously when adopting the information it provides. However, 
in lower-order thinking tasks, such as mechanical and knowledge-based tasks, the critical use 
tendency of cautious experiencers is lower than that of deep users.

Both labor substituters and balanced explorers exhibit low levels of critical use tendency 
across all tasks, demonstrating a high degree of consistency. Their only difference is that, 
compared to balanced explorers, labor substituters verify relevant information less frequently 
in mechanical tasks and more frequently in critical and creative tasks. This indicates that labor 
substituters are more inclined to use GenAI to assist in completing standardized procedural 
work and, in pursuit of higher efficiency, less frequently verify the procedural results 
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generated by GenAI. Nevertheless, they maintain a cautious attitude toward the involved 
higher-order thinking tasks.

Table 3 further demonstrates the similarities and differences in the critical use of GenAI 
among the four student types, after controlling for variables, such as individual characteristics 
and academic status. The results are highly consistent with those in Figure 3. Compared to 
balanced explorers, deep users exhibit a significantly higher tendency toward critical use in 
various GenAI-assisted learning activities. These students demonstrate a greater propensity 
to validate the information provided by GenAI and engage in more critical thinking and 
judgment prior to use. With the exception of mechanical tasks, where they show no difference 
from balanced explorers, cautious experiencers also exhibit a higher tendency toward critical 
use in other tasks. Compared to balanced explorers, labor substituters exhibit a significantly 
lower tendency toward critical use of GenAI for mechanical tasks, while they are more 
critical of the answers provided by GenAI in critical tasks. Overall, students who use GenAI 
more broadly and openly, as well as those who are the most conservative and cautious, exhibit 
a higher tendency toward critical use of GenAI.

Table 3
Differences in Critical Use among the Four Student Types

Student types (1) Knowledge-
based tasks

(2) Mechanical 
tasks

(3) Critical 
tasks

(4) Creative 
tasks

Control group: Balanced explorers – – – –

Cautious experiencers 0.224***
(0.046)

–0.054
(0.044)

0.436***
(0.047)

0.466***
(0.047)

Deep users 0.780***
(0.066)

0.802***
(0.064)

0.758***
(0.066)

0.663***
(0.066)

Labor substituters 0.057
(0.049)

–0.110**
(0.048)

0.082*
(0.049)

0.065
(0.049)

Control variables Yes Yes Yes Yes

n 11,213 11,193 10,992 10,853

Note. (1) As a small number of students did not use GenAI to assist with specific types of tasks, they selected 
“Not applicable” for the question regarding critical use, thereby resulting in some missing samples. The results 
obtained in this study after correcting for sample self-selection bias through the Heckman two-step selection 
method do not differ significantly from the above results. (2) The control variables encompass individual and 
family characteristics of students. Examples include gender, household registration types (rural or urban), family 
residence (county-level cities and below, prefecture-level cities, provincial capitals, municipalities directly under 
the central government, or Hong Kong, Macao, and the Taiwan region), and the education level of the father. 
Another control variable is academic status. This includes whether the student studies at an HEI under the Double 
First-Class Initiative, the local economic development status (GDP per capita), grade level, discipline (Natural 
Sciences, Engineering, Humanities, Social Sciences, Agriculture, and Medicine), and the student’s GPA ranking 
within their major. (3) The figures in parentheses represent robust standard errors.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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6　Expected Impact of GenAI on the Development of Higher-Order Thinking 
Skills among Four Student Types

Figure 4 illustrates the predictions of college students regarding changes in their abilities 
following the use of GenAI. Overall, the majority of students perceive the impact of GenAI 
on the development of their higher-order thinking skills to be positive, although disparities 
exist concerning its impact on different skills. Specifically, students are most optimistic about 
the self-assessed impact on their problem-solving ability. 53.8% of them believe that long-
term engagement in GenAI-assisted learning enhances their problem-solving ability. This is 
followed by critical thinking skills, with 46.8% of students believing that the use of GenAI 
exerts a positive impact on these skills. Moreover, 36.2% of students believe that GenAI 
strengthens their creativity. A proportion of students perceive that the use of GenAI has no 
significant impact on the development of their higher-order thinking skills, with the respective 
percentages being 27.6% (problem-solving ability), 34.1% (critical thinking skills), and 
36.8% (creativity). In addition, a minority of students believe that long-term use of GenAI is 
likely to lead to a decline in their higher-order thinking skills. As many as 27.1% of students 
perceive that the use of GenAI exerts a negative impact on the development of their creativity. 
The proportions of those who believe it has a negative impact on problem-solving ability 
and critical thinking skills are 18.7% and 19.1%, respectively. Overall, students perceive that 
GenAI has a greater positive impact on problem-solving ability and critical thinking skills. 
As GenAI provides informational materials and decision-making support rapidly, it assists 
students in comprehensive problem analysis and complex tasks. This finding is consistent 
with the conclusions of existing studies (Ruiz-Rojas et al., 2024). However, fewer students 
believe that GenAI has a positive impact on creativity. Creative tasks largely rely on unique 
human thought, rich emotions, and subjective personal experience, making them difficult to 
be entirely replaced by GenAI.

Figure 4
Expected Impact of GenAI-Assisted Learning on Skill Development
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Figure 5 demonstrates the disparities in how the four student types predict changes in 
their higher-order thinking skills following the use of GenAI. Deep users are the most 
optimistic, believing that long-term use of GenAI enhances their problem-solving ability 
(62.4%), critical thinking skills (60.4%), and creativity (51.6%). Moreover, this group of 
students is the least likely to believe that GenAI has a negative impact on their personal 
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development. Similarly, balanced explorers hold a positive view of the impact of GenAI. 
More than half of the students believe that long-term use of GenAI enhances problem-solving 
ability, and a significant proportion believe that critical thinking skills and creativity are 
expected to improve, at 47.8% and 41.4%, respectively. Compared to balanced explorers, 
cautious experiencers are more negative about the expected development of their higher-
order thinking skills. Only 28.8% of students believe that GenAI enhances their creativity 
in the long run, and less than half hold positive expectations regarding problem-solving 
ability and critical thinking skills. Overall, the expectations of labor substituters and balanced 
explorers regarding skill development are relatively consistent. More than half of the students 
hold positive expectations regarding improvement in problem-solving ability (54.2%), and 
nearly half believe their critical thinking skills are enhanced (47.5%). However, compared 
to balanced explorers, labor substituters are more reserved in their expectations regarding 
improvement in creativity (36.1%), and a relatively high proportion (29.7%) predict that their 
creativity will decline.

Figure 5
Expected Development of Higher-Order Thinking Skills among Four Student Types
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Table 4 further illustrates the similarities and differences in the development of self-
assessed higher-order thinking skills among the four student types, controlling for variables 
such as individual characteristics and academic status. It is evident that deep users perceive 
GenAI to have a greater positive impact on higher-order thinking skills, such as problem-
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solving ability, critical thinking skills, and creativity, than balanced explorers do. The analysis 
reveals that deep users find it highly effective to frequently use GenAI as a task assistant and 
hold an optimistic expectation regarding its long-term impact on the development of higher-
order thinking skills. While maintaining their high frequency of use, they manage to engage 
with GenAI critically and express the most positive attitudes toward its role in fostering 
their higher-order thinking skills. To some extent, this suggests the benefits of using GenAI 
critically, which means that students engage with it thoughtfully, maintain their initiative as 
learners, and approach the information it provides with caution. In this case, frequent use of 
GenAI in various learning tasks may not necessarily harm students’ academic development. 
Instead, it may help foster higher-order thinking skills.

Table 4
Differences in Self-Assessed Higher-Order Thinking Skills Development among Four 

Student Types

Student types (1) Problem-solving ability (2) Critical thinking skills (3) Creativity

Control group: Balanced 
explorers

– – –

Cautious experiencers –0.245***
(0.048)

–0.159***
(0.047)

–0.335***
(0.047)

Deep users 0.196***
(0.068)

0.458***
(0.068)

0.325***
(0.069)

Labor substituters –0.099*
(0.052)

–0.026
(0.052)

–0.220***
(0.053)

Control variables Yes Yes Yes

n 11,566 11,566 11,566

Note. (1) The control variables encompass individual and family characteristics of students. Examples include 
gender, household registration types (rural or urban), family residence (county-level cities and below, prefecture-
level cities, provincial capitals, municipalities directly under the central government, or Hong Kong, Macao, and 
the Taiwan region), and the education level of the father. Another control variable is academic status. This includes 
whether the student studies at an HEI under the Double First-Class Initiative, the local economic development 
status (GDP per capita), grade level, discipline (Natural Sciences, Engineering, Humanities, Social Sciences, 
Agriculture, and Medicine), and the student’s GPA ranking within their major. (2) The figures in parentheses 
represent robust standard errors.
*** p < 0.01, * p < 0.1.

Compared to balanced explorers, cautious experiencers, who use GenAI less frequently, 
report significantly lower expectations regarding the development of their higher-order 
thinking skills. This result suggests that cautious experiencers may use GenAI less frequently 
because of their concerns about the development of their higher-order thinking skills. In 
addition, it reflects their strong risk awareness and reflective mindset. Another possible 
reason is that cautious experiencers lack the necessary skills, self-efficacy, and confidence to 
use GenAI to support their academic activities. As a result, their use of GenAI to complete 
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academic tasks may not yield ideal results, leading to lower ratings of their skill development. 
In addition, labor substituters report lower levels of problem-solving ability and creativity 
than balanced explorers, while no significant differences are found in critical thinking skills. 
Overall, students who more extensively use GenAI increasingly recognize its positive impact 
on their skill development, whereas students with lower levels of acceptance tend to exhibit 
a conservative attitude toward the new technology due to the potential negative effects of 
GenAI on their skill development.

7　Conclusions and Implications
7.1　Conclusions
This study summarizes existing perspectives and empirical studies on GenAI-assisted 
learning among college students based on relevant theories, such as TAM. It utilizes 
a questionnaire survey from undergraduates across 20 HEIs in China to gain an in-
depth understanding of students’ engagement with GenAI-assisted learning from three 
key aspects, including usage patterns, critical use behaviors, and expectations for skill 
development. This study finds that students more extensively use GenAI to assist with 
lower-order thinking tasks, particularly for mechanical tasks, whereas the proportion of 
GenAI application in higher-order thinking tasks is relatively lower. Students generally 
demonstrate less critical use of GenAI-generated content during mechanical tasks. 
However, in knowledge-based, critical, and creative tasks, they are inclined to critically 
evaluate and verify the information provided by GenAI. In addition, college students hold 
a generally positive attitude toward the impact of GenAI on their skill development. In 
particular, they highly recognize its assistance in promoting problem-solving ability, while 
a small proportion of students believe that GenAI hinders their skill development.

Based on the application scenarios where students engage in GenAI-assisted learning, 
this study further employs the LPA method to characterize four GenAI usage patterns 
among college students. Moreover, it analyzes the characteristics of these four student 
types in their critical use of GenAI and the differences in the expected impact of GenAI on 
the development of higher-order thinking skills. Overall, this study identifies the following 
four student types based on their GenAI usage patterns.

Firstly, cautious experiencers account for 42%, which is the highest proportion. These 
students hold a conservative attitude toward the use of GenAI, have the lowest proportion 
of GenAI application across various learning activities, and rarely use GenAI for higher-
order thinking tasks. When utilizing GenAI, they tend to use the provided answers 
cautiously, demonstrating a distinct tendency for critical use. Meanwhile, the proportion 
of students who believe GenAI facilitates their skill development is the lowest. Fewer than 
30% of these students believe that GenAI enhances their creativity in the long term, and 
these students hold the most pessimistic expectations regarding problem-solving ability and 
critical thinking skills among all student types.
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Secondly, labor substituters account for 24%. These students are highly selective 
regarding GenAI application scenarios. They are inclined to treat GenAI as an efficiency 
tool for stylized, repetitive, and mechanical tasks, whereas they rarely use it for higher-
order thinking tasks. Their tendency for critical use of GenAI across various tasks is 
relatively low, and they rarely verify the results generated by GenAI. However, they 
maintain a cautious attitude toward human‒computer interactions involving higher-order 
thinking tasks. Half of the labor substituters acknowledge that GenAI enhances problem-
solving ability while holding a reserved attitude toward the enhancement of creativity. 
Additionally, a relatively high proportion of these students express concerns about a decline 
in their creativity.

Thirdly, balanced explorers account for 21.2%. These students apply GenAI in a 
relatively balanced manner across various tasks, demonstrating an open attitude toward it. 
They seek to explore its use in different learning tasks, thereby enhancing their learning 
efficiency. Additionally, they exhibit a low tendency for critical use of GenAI in all types 
of tasks and hold a relatively positive attitude toward the impact of GenAI. More than half 
of the students maintain that long-term use of GenAI enhances problem-solving ability, 
and a significant proportion hold that critical thinking skills and creativity are expected to 
improve.

Fourthly, deep users account for 12.8%, which is the lowest proportion. These students 
use GenAI most frequently in all tasks. Specifically, they frequently use GenAI in 
knowledge-based and mechanical tasks to improve their learning efficiency, and the 
proportion of GenAI application in higher-order thinking tasks exceeds 60%. Compared 
to other types of students, deep users demonstrate a high degree of trust in and reliance 
on various content generated by GenAI, viewing it as a crucial tool for handling different 
lower-order and higher-order thinking tasks. They demonstrate a strong tendency toward 
the critical use of GenAI, particularly adopting a more cautious approach toward lower-
order thinking tasks, such as knowledge-based and mechanical tasks. They hold the most 
optimistic expectations regarding the impact of GenAI on skill development, with the 
majority of deep users believing that GenAI improves problem-solving ability, critical 
thinking skills, and creativity.

This classification is considered a concrete manifestation of their acceptance of GenAI 
technology. It aligns with the key factors influencing technology adoption among students, 
specifically perceived usefulness and performance expectancy highlighted in the TAM and 
UTAUT models, respectively. The varying levels of acceptance identified through clustering 
reflect the differences in students’ perceptions of the value of GenAI-assisted learning in 
real-world educational contexts. In addition to acceptance, whether students possess the 
awareness and ability to use GenAI critically serves as a vital dimension for understanding 
the differences in their usage patterns. This study evaluates the critical awareness when 
students are using GenAI through two key behavioral indicators of authenticity verification 
and critical thinking. The finding reveals the differences in information processing 
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strategies of students and directly correlates with the differences in the development of 
higher-order thinking skills.

This study further categorizes students into four types descriptively along the two 
dimensions of acceptance and critical use and plots their positions on a four-quadrant 
grid (see Figure 6). Evidently, deep users and balanced explorers demonstrate a high rate 
of GenAI application and are classified as having high acceptance. Labor substituters 
and cautious experiencers exhibit a low application rate and are classified as having low 
acceptance. In terms of the critical dimension, deep users and cautious experiencers 
outperform other groups in information verification and critical thinking and are classified 
as exhibiting high critical use. Labor substituters and balanced explorers score lower 
and are classified as exhibiting low critical use. Therefore, deep users exhibit both high 
acceptance and high critical use, representing the ideal GenAI usage pattern to a certain 
extent. They actively apply GenAI to enhance learning efficiency while maintaining 
the ability to evaluate information and engage in critical reflection. Moreover, balanced 
explorers, despite demonstrating high acceptance, need to improve their awareness and 
ability regarding the critical use of GenAI. Cautious experiencers exhibit low acceptance 
and use GenAI infrequently, yet they demonstrate a strong sense of critical awareness 
during usage. Labor substituters exhibit low acceptance and low critical use, and it is 
imperative for HEIs to target this key group for guidance and intervention.

Figure 6
GenAI Acceptance and Critical Use among Four Student Types
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The four usage patterns reflect different combinations of behavioral strategies and 
competence beliefs among college students regarding GenAI use. They may be interpreted as 
the result of a two-way interaction between their technological acceptance and self-regulated 
learning abilities. Deep users trust in technology and possess strong metacognitive abilities, 
enabling them to maintain critical thinking during frequent use and demonstrate greater self-
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monitoring capabilities. With the support of technology, they maintain autonomy and goal 
orientation in learning, aligning with the characteristics of an ideal learner described in the 
self-regulated learning theory, that is, high monitoring and high regulation. This represents a 
mature model of human-computer collaborative learning. Cautious experiencers demonstrate 
a critical and reflective approach characterized by high monitoring. However, they do not 
recognize the effectiveness and value of GenAI in supporting learning and fostering skill 
development. As a result, they generally adopt a conservative attitude toward GenAI. Labor 
substituters and balanced explorers often lack in-depth cognition and reflection during use, 
which may reinforce their dependence on GenAI. Therefore, in teaching practices, it is 
necessary to focus on guiding these students to master the critical application methods of 
deeper cognitive processing.

7.2　Implications
The conclusion reveals significant differences among college students in terms of their 
acceptance of GenAI, critical use behaviors, and expectations for skill development. 
This underscores the necessity for HEIs and teachers to guide students in the proper use 
of GenAI. If students critically evaluate and verify the content and feedback provided 
by GenAI, this will significantly improve their learning efficiency and outcomes while 
fostering the development of their higher-order thinking skills. Therefore, how to guide 
students to properly use AI tools, such as GenAI, ensuring that these tools support their 
academic development while preventing blind adherence and overreliance, has become an 
urgent issue for researchers and practitioners in higher education today.

At the 2025 World Digital Education Conference, Minister of Education of the 
People’s Republic of China Huai Jinpeng delivered a keynote speech. He emphasized 
that in the digital and intelligent era, it is essential to uphold the principle of using AI 
for good, establish ethical norms to effectively address potential risks, guide students in 
the appropriate use of AI, build an AI-enabled educational environment, and strengthen 
regulations on the development of AI tools and applications (Huai, 2025). GenAI-assisted 
learning has become an irreversible trend. Therefore, HEIs are advised to re-examine the 
role teachers play in the academic lives of students. In particular, it is crucial to integrate 
AI literacy into the core of the training system for top innovative talent in the digital and 
intelligent era. HEIs necessitate placing greater emphasis on strengthening their ability in 
information evaluation, critical thinking skills, and academic ethics awareness. This can 
prevent blind trust in GenAI, enhance their ability to identify biased information generated 
by GenAI, and mitigate the moral and ethical risks arising from the use of AI in academic 
activities. Teachers are encouraged to guide students to handle basic tasks with GenAI, 
which allows them to devote more time and energy to innovative practical activities. 
Additionally, teachers are recommended to rethink the design of teaching objectives 
and tasks, raise the requirements for critical thinking and innovation in homework, and 
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emphasize the cognitive abilities that are irreplaceable by GenAI. This will enable students 
to better handle the opportunities and challenges posed by AI in their future academic and 
professional careers.

Furthermore, to enhance the AI literacy of students, tailored approaches are required 
for specific groups, with the transformation paths illustrated above (see Figure 6). For 
cautious experiencers, it is necessary to further increase their acceptance of the technology. 
For instance, designing low-risk, high-feedback GenAI tasks for them may guide them 
to gradually apply GenAI to higher-order thinking tasks. This approach aims to build 
trust in the technology while maintaining a critical mindset, thereby facilitating their 
transition to becoming deep users. For balanced explorers, it is imperative to enhance 
critical thinking regarding technology. An emphasis needs to be placed on strengthening AI 
literacy education and ethical risk awareness development. It is recommended to encourage 
them to identify potential biases in GenAI outputs, integrate training in self-regulation 
alongside widespread GenAI application, and promote more effective utilization of GenAI 
to empower learning and research activities. For labor substituters, it is crucial to increase 
their acceptance of the technology, enhance their critical use of it, and reinforce reflective 
task design. For example, educators may guide them to use GenAI for open-ended writing 
and annotated reading exercises. These practices will inspire them to combine GenAI 
outputs with independent thinking, stimulate their metacognitive awareness, and promote 
a shift toward more reflective human–AI cognitive collaboration. For deep users, HEIs are 
urged to encourage them to take on peer-support roles, such as assisting teaching activities, 
to leverage the peer demonstration effect, where they guide other students.

This study presents the following limitations. Firstly, the survey data are primarily based 
on student self-reports. While this effectively captures their subjective perceptions and 
usage preferences, it is inevitably subject to several issues, such as subjective evaluation 
bias, making it difficult to accurately reflect the behavioral cognition involved in actual 
interactions with GenAI. Secondly, since objective behavioral data are not yet available in 
large-scale surveys, this study adopts the cognitive level implied by the types of learning 
activities as an indirect indicator of the level of thinking tasks. However, it remains difficult 
to fully reflect the actual thinking processes and behavioral strategies of college students. 
Future studies are expected to integrate multimodal data to provide a precise portrayal of 
actual behaviors. In addition, relevant longitudinal studies may reveal changes in usage 
patterns during students’ interactions with GenAI and its long-term impact on learning 
outcomes.
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