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Abstract: The advent of generative artificial intelligence (GenAl) has significantly trans-
formed the educational landscape. While GenAlI offers benefits such as convenient access to
learning resources, it also introduces potential risks. This study explores the phenomenon
of learning burnout among university students resulting from the misuse of GenAl in
this context. A questionnaire was designed to assess five key dimensions: information
overload and cognitive load, overdependence on technology, limitations of personalized
learning, shifts in the role of educators, and declining motivation. Data were collected
from 143 students across various majors at Shandong Institute of Petroleum and Chemical
Technology in China. In response to the issues identified in the survey, the study proposes
several teaching strategies, including cheating detection, peer learning and evaluation, and
anonymous feedback mechanisms, which were tested through experimental teaching inter-
ventions. The results showed positive outcomes, with students who participated in these
strategies demonstrating improved academic performance. Additionally, two rounds of
surveys indicated that students’ acceptance of additional learning tasks increased over time.
This research enhances our understanding of the complex relationship between GenAlI and
learning burnout, offering valuable insights for educators, policymakers, and researchers
on how to effectively integrate GenAl into education while mitigating its negative impacts
and fostering healthier learning environments. The dataset, including detailed survey
questions and results, is available for download on GitHub.

Keywords: generative artificial intelligence; learning burnout; higher education; teaching
response strategies; cognitive load

1. Introduction

In recent years, the rapid advancement of artificial intelligence (AI) technologies,
particularly generative artificial intelligence (GenAl) [1,2], exemplified by models like
ChatGPT (version: GPT-4, developed by OpenAl, San Francisco, United States) [3], has
significantly transformed the landscape of the education sector. These large models, by
aggregating, analyzing, and disseminating vast amounts of human knowledge, have
significantly enhanced the accessibility and availability of educational resources [4]. They
not only enable personalized learning experiences but also foster greater interactivity
through instant feedback and simulated dialogues. Educational platforms powered by
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these models can process massive amounts of data, assist teachers in refining instructional
strategies, and overcome language and geographical barriers, thus promoting educational
equity [5]. Junaid Qadir [6] proposed that GenAl technologies, such as the ChatGPT
conversational agent, had the potential to enhance engineering education by offering
personalized learning experiences, providing customized feedback and explanations, and
creating realistic virtual simulations for hands-on learning, thus addressing the evolving
needs of the engineering industry. Dilling et al. [7] proposes that large language models
(LLMs) like ChatGPT hold significant potential for enhancing mathematics education,
specifically in supporting university students’ mathematical proof processes, but highlights
challenges such as biases, data privacy, and over-reliance on Al tools, stressing the need for
a balanced approach in utilizing LLMs for educational purposes.

However, despite the numerous innovations and conveniences that large models
have introduced to education, their potential negative impacts are increasingly becoming
apparent [8]. Under traditional educational models, students acquire knowledge primarily
through a combination of teacher-led instruction and autonomous exploration [9]. The
widespread application of large models has altered this paradigm, resulting in significant
changes to students’ learning methodologies. Large models can swiftly provide answers,
substantially reducing opportunities for students to engage in independent thinking, anal-
ysis, and problem-solving. Many students, especially those in lower grades who have not
yet established a solid academic foundation, tend to rely on large models to complete as-
signments and projects, leading to a gradual decline in their abilities to think independently
and solve problems. Excessive dependence on these technological tools not only constrains
students’ critical thinking but also adversely affects their interest in learning and academic
performance, ultimately potentially leading to learning burnout [10].

Learning burnout refers to the phenomenon where students experience emotional
exhaustion, loss of motivation, and diminished interest during the learning process [11,12].
It has become a significant psychological barrier affecting students’” academic development.
Particularly in the context of large models, students’” dependency and information overload
concurrently limit the autonomy and creativity of learning. Prolonged reliance on Al tools
may not only weaken students’ critical thinking skills but also impede the development
of their innovative capabilities and complex problem-solving abilities. As information
retrieval becomes overly facile, students often cease to delve deeply into the underlying
principles and structures of knowledge, resulting in superficial learning [13]. This shallow
approach to learning restricts students” comprehensive mastery of knowledge, causing
them—especially those in the early stages of higher education—to overlook the importance
of active learning, critical thinking, and practical experience, thereby exerting profound
negative impacts on their future career development [14]. Therefore, effectively addressing
students’ learning burnout in the era of large models has become an urgent educational
challenge that needs to be resolved.

Milano et al. [15] analyzed the challenges that GenAl, especially ChatGPT, poses to
higher education, examined the existing responses of universities and their associated
issues, and proposed that academics could collaborate on publicly funded GenAl for educa-
tional use. Kasneci et al. [4] discussed the potential benefits and challenges of using GenAl
in education, emphasizing the need for developing digital competencies, critical thinking,
and fact-checking strategies among both teachers and students, while also addressing
issues like bias, misuse, and the need for human oversight. Huang et al. [16] investigated
the relationship between online peer feedback and learning burnout using deep learning
models like BERT and Bi-LSTM, finding that suggestive feedback can reduce emotional
exhaustion, while excessive positive or negative feedback may worsen burnout and self-
learning behavior. Jeon et al. [17] explored the relationship between ChatGPT and teachers,
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identifying complementary roles for both in education, and highlighted the importance
of teachers’ pedagogical expertise in effectively integrating Al tools like ChatGPT into
instruction. Abd-alrazagq et al. [18] examined the potential and challenges of integrating
GenAl into medical education, highlighting their transformative impact on curriculum,
teaching, and assessments while addressing concerns such as bias, plagiarism, and privacy
issues. Scholars collectively emphasized the increasing integration of GenAl in diverse
educational contexts, highlighting their transformative potential while acknowledging
differing opinions on their impact [19,20]. However, there is a shared sense of caution and
concern regarding challenges such as ethical risks, pedagogical adaptation, and human-AI
collaboration [21]. The findings advocate for balanced strategies that prioritize educa-
tional equity, interdisciplinary cooperation, and the preservation of human-centric learning
principles amid technological advancements [22].

This study aims to investigate the causes, manifestations, and impacts of learning
burnout among university students in the era of large-scale Al models. Based on these
findings, this study seeks to propose effective instructional strategies to assist higher
education instructors in fostering a positive learning attitude among students. Furthermore,
it aspires to provide policy recommendations for educational administrators to optimize
resource allocation and instructional model design, thereby enhancing the overall quality
and effectiveness of education.

Section 2 conducts a survey with a designed questionnaire among students from
specific majors, analyzes the results to explore students’ cognitive and emotional responses
when using GenAl in learning, and reveals the advantages and risks of these models
in the learning process. Section 3 identifies the five main causes of learning burnout
and elaborates on their negative impacts on students’ academic development. Section 4
proposes teaching response strategies including cheating detection, peer learning and
evaluation, and anonymous feedback mechanisms, and analyzes students’ acceptance and
performance changes. Finally, Section 5 provides a summary and discussion.

2. Survey and Results Analysis
2.1. Survey Questionnaire

We designed a survey questionnaire, as shown in Table 1. Each question in the survey
was rated using a five-point Likert scale (1 = strongly agree, 5 = strongly disagree) [23],
with the aim of exploring the various cognitive and emotional responses that students may
encounter when using GenAl for learning.

Table 1. Survey questionnaire scale.

Z
e

Questions

O XIS U Wi

[
_ O

I frequently use GenAl to assist in completing assignments or other tasks.

I often feel overwhelmed by the amount of information provided by GenAl, making it difficult to process.
After receiving answers from GenAlI I often feel that I have not deeply understood the information.
The rapid responses from GenAl leave me with little time to think deeply and analyze problems.
After using GenAl, I often feel mentally overloaded and unable to effectively digest and retain the

knowledge learned.

I often rely on GenAl to answer learning-related questions rather than thinking on my own.

Without the help of GenAl I feel that learning becomes more difficult.

After using GenAl, I believe that [ have fewer opportunities to think independently and solve problems.
I tend to rely on GenAl to complete assignments, rather than analyzing and solving problems myself.
I find that personalized learning through GenAl rarely requires me to set long-term learning goals or plans.
Through personalized learning with GenAl, I find myself lacking the ability to regulate my

learning strategies.
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Table 1. Cont.
No. Questions
12 When engaging in personalized learning with GenAlI, I sometimes feel isolated and lack social interaction.
13 Because of the personalized recommendations of GenAl, I seldom actively engage in discussions with
classmates or participate in collaborative learning.
14 The introduction of GenAl has made the teacher’s role in teaching less important.
15 I rarely seek help from teachers while using GenAl, preferring to rely on the instant feedback from Al tools.
16 The cognitive stimulation and feedback from teachers in class have been replaced by GenAl.
17 I feel that without effective guidance from teachers, my learning has become more mechanical.
18 Using GenAl has made assignments feel too easy, losing their sense of challenge.
19 I believe that relying on GenAl for learning has diminished my deep interest in the subject.
20 I find that I lack the enthusiasm to actively seek new knowledge, often depending on GenAl to provide

simple answers.

Question 1 aims to investigate the frequency and level of reliance on GenAl by students,

assessing whether these models are commonly used in daily academic tasks. This question

provides preliminary data on the popularity of GenAl in student learning. Questions 2 to

5 aim to explore whether students experience information overload when using GenAlI

and how this overload affects their deep understanding and learning outcomes [24,25].
Questions 6 to 9 investigate whether the rapid feedback from GenAl inhibits students’ deep
thinking and problem-solving abilities [26,27]. Questions 10 to 13 focus on investigating

the impact of the personalized learning features of GenAl on students’ learning behaviors

and social interactions [28]. Questions 14 to 17 aim to analyze the impact of GenAl on the

role of teachers in instruction [29,30]. Questions 18 to 20 focus on exploring the impact of

GenAl on students’ learning motivation, sense of challenge, and academic interest [31,32].

2.2. Reliability Analysis

In this study;, reliability analysis was performed after data collection from the com-

pleted questionnaires. A trial sample of 143 participants, selected from students across

various majors, was used for this analysis. The questionnaire was administered anony-

mously, and the sample size was deemed adequate to ensure the robustness of the reliability

results. The Cronbach’s Alpha values [33] for all dimensions meet the reliability require-

ments, indicating that the questionnaire exhibits a high level of internal consistency and

is suitable for further analysis. Specifically, the overall Cronbach’s Alpha value for the

questionnaire is 0.936, which is well above the commonly accepted reliability threshold

of 0.7, demonstrating a high degree of internal consistency for the entire instrument. The
Cronbach’s Alpha values for each dimension are as follows: 0.877, 0.859, 0.785, 0.779, and
0.759, as shown in Table 2. These values are all above 0.7, meeting the standard for reliabil-
ity and indicating that each dimension shows adequate internal consistency in measuring

the respective constructs [34]. Therefore, both the overall questionnaire and its individual

dimensions provide a strong foundation for reliability, making it suitable for assessing

students’ cognitive and emotional responses when using GenAl for learning.

Table 2. Reliability analysis of the questionnaire and its dimensions.

Dimension Id Questions Cronbach’s Alpha Value
1 2,3,4,5 0.877
2 6,7,8,9 0.859
3 10,11, 12,13 0.785
4 14, 15,16, 17 0.779
5 18, 19, 20 0.759

The Questionnaire 0.936
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2.3. Survey Results

Technology, Internet of Things Engineering, and Digital Economy majors at Shandong
Institute of Petroleum and Chemical Technology, China. The survey results are shown in
Table 2, and the average scores were calculated according to the agreed-upon five-point
Likert scale scoring system. We have organized the survey and its results into a dataset,
which can be accessed through https://github.com/dongxr2/LLM_Burnout_Dataset/

(accessed on 19 April 2025).

2.4. Survey Result Analysis

143 students surveyed, reported using GenAl frequently to assist with their academic tasks
(Q1: M =1.92, SD = 0.82). In this context, “M” refers to the mean score, indicating the
average level of agreement among respondents, while “SD” denotes standard deviation,
which measures the dispersion or variability of the responses around the mean. Specifically,
37.06% strongly agreed, and 40.56% agreed with this statement. These findings indicate
that GenAl has become a mainstream tool in the academic practices of students. The high
frequency of use may be attributed to its efficiency in generating answers, which raises

The survey was conducted among 143 students from the Computer Science and

As presented in Table 3, an overwhelming majority of respondents, 77.62% of the

concerns regarding the potential risks associated with technological dependence.

Table 3. Survey results.

Question Strongl . Strongl Mean
No. Agrt;gey Agree Neutral Disagree Disag%ez Score
1 53 (37.06%) 58 (40.56%) 26 (18.18%) 3(21%) 3(2.1%) 1.92
2 20 (13.99%) 42 (29.37%) 50 (34.97%) 22 (15.38%) 9 (6.29%) 271
3 28 (19.58%) 49 (34.27%) 40 (27.97%) 16 (11.19%) 10 (6.99%) 2.52
4 20 (13.99%) 44 (30.77%) 41 (28.67%) 25 (17.48%) 13 (9.09%) 2.77
5 12 (8.39%) 43 (30.07%) 45 (31.47%) 28 (19.58%) 15 (10.49%) 2.94
6 12 (8.39%) 26 (18.18%) 51 (35.66%) 35 (24.48%) 19 (13.29%) 3.16
7 17 (11.89%) 37 (25.87%) 41 (28.67%) 33 (23.08%) 15 (10.49%) 294
8 12 (8.39%) 44 (30.77%) 38 (26.57%) 33 (23.08%) 16 (11.19%) 2.98
9 11 (7.69%) 25 (17.48%) 45 (31.47%) 39 (27.27%) 23 (16.08%) 3.27
10 16 (11.19%) 40 (27.97%) 54 (37.76%) 23 (16.08%) 10 (6.99%) 2.8
11 16 (11.19%) 49 (34.27%) 43 (30.07%) 19 (13.29%) 16 (11.19%) 2.79
12 10 (6.99%) 30 (20.98%) 33 (23.08%) 47 (32.87%) 23 (16.08%) 3.3
13 11 (7.69%) 17 (11.89%) 30 (20.98%) 58 (40.56%) 27 (18.88%) 3.51
14 7 (4.9%) 5 (3.5%) 28 (19.58%) 42 (29.37%) 61 (42.66%) 4.01
15 10 (6.99%) 38 (26.57%) 42 (29.37%) 27 (18.88%) 26 (18.18%) 3.15
16 5 (3.5%) 8 (5.59%) 23 (16.08%) 51 (35.66%) 56 (39.16%) 4.01
17 19 (13.29%) 47 (32.87%) 38 (26.57%) 22 (15.38%) 17 (11.89%) 2.8
18 8 (5.59%) 20 (13.99%) 37 (25.87%) 49 (34.27%) 29 (20.28%) 3.5
19 10 (6.99%) 21 (14.69%) 38 (26.57%) 47 (32.87%) 27 (18.88%) 3.42
20 9 (6.29%) 38 (26.57%) 42 (29.37%) 37 (25.87%) 17 (11.89%) 3.1

students acknowledged experiencing “information overload” due to GenAl (Q2: M = 2.71).
Additionally, 53.85% of students felt that they did not achieve a deep understanding of the
knowledge after utilizing GenAl (Q3: M = 2.52), and 38.46% reported feelings of mental
overload (Q5: M = 2.94). This implies that excessive information may directly exacerbate
cognitive load. When external information input exceeds working memory capacity, the

effectiveness of deep learning is compromised.

In examining the aspect of information processing (Q2-5), it was found that 43.36% of
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Turning to the aspects of independent thinking and problem-solving skills (Q6-9),
while the majority of students did not believe that GenAl significantly undermined their
ability to think independently (with average scores for Q6-9 ranging from 2.98 to 3.27,
leaning towards “neutral” to “disagree”), it is concerning that 26.57% reported relying
on GenAl for answers to questions (Q6: Agree + Strongly Agree), and 39.16% felt that
opportunities for independent thinking had decreased (Q8). This contradiction may re-
flect a lack of awareness among students regarding the subtle impacts of dependence
on tools on their metacognitive abilities [35]. An overreliance on immediate feedback
may diminish goal-setting and strategy-monitoring capabilities, thus leading to a cycle of
“shallow learning”.

Focusing on the personalized features of GenAl (Q10-13), the results indicated that
these features did not significantly disrupt students’ capacity to set long-term learning
goals (Q10: M = 2.80), though 34.27% acknowledged a lack of regulatory ability over their
learning strategies (Q11: Agree + Strongly Agree). In terms of social interaction, only
27.97% of respondents felt that GenAl caused a sense of isolation (average scores for Q12
and Q13 were between 3.30 and 3.51), suggesting that the social substitution effect of GenAl
is limited. This may be attributed to the prevailing dominance of face-to-face collaboration
in current educational settings. However, it also highlights the risk of “filter bubbles”
stemming from excessive personalization.

Examining the role of teachers and the teaching authority (Q14-17), a significant
majority, ranging from 72.03% to 74.82%, disagreed with the notion that the role of teachers
has been diminished by GenAlI (Q14, Q16: M = 4.01). Furthermore, 46.16% believed that a
lack of teacher guidance would lead to mechanical learning (Q17: M = 2.80). These results
support the view that the cognitive guidance and emotional support provided by teachers
are irreplaceable. However, Q15 indicated that 26.57% of students prefer Al feedback over
that of teachers, suggesting a need for educators to reposition their roles from “knowledge
deliverers” to “cognitive coaches”.

Regarding learning motivation and academic interest (Q18-20), despite a majority of
students denying that GenAl diminishes the challenge of learning (Q18: M = 3.50) and their
academic interest (Q19: M = 3.42, Q20: M = 3.10), between 21.68% and 32.87% expressed a
positive alignment with these sentiments. According to self-determination theory [36], a
reliance on tools may undermine intrinsic motivation, such as curiosity, especially when the
difficulty of tasks is skewed by Al assistance. Educators need to design tasks that present
“optimal challenges” to maintain motivation, ensuring that students continue to engage
meaningfully with their learning processes.

3. Analysis of the Causes and Impacts

Based on the research and analysis presented in Section 2, the primary causes of
learning burnout among university students in the era of large models can be summarized
into the five following aspects.

3.1. Information Overload and Cognitive Load

Large models provide students with an abundance of learning resources and informa-
tion, which can be accessed anytime through Al tools. However, this excess of information
has become a significant source of learning burnout. Information overload refers to the
cognitive pressure and decision-making difficulties that individuals face when the volume
of information exceeds their processing capacity. In the era of large models, students are
often overwhelmed by the sheer volume of information and knowledge points, making it
difficult to effectively filter and process, thereby increasing the cognitive load. Although
Al provides immediate answers, students rarely have the opportunity to deeply reflect,
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analyze, or critically synthesize the information. This superficial mode of learning leaves
students feeling confused and fatigued, contributing to feelings of burnout. Moreover,
while Al-generated answers are quick and accurate, they often lack contextual depth and
theoretical support, which can trap students in a state of shallow learning. The knowledge
obtained through Al tools is often not deeply processed, leading to a lack of comprehensive
understanding and long-term memory of core concepts, resulting in a sense of knowledge
fragmentation. This, in turn, increases the difficulty and exhaustion of learning.

3.2. Overdependence on Technology and the Loss of Autonomous Learning Abilities

The application of large models has led to an increasing reliance on technological
tools in the learning process, and this dependency is another critical factor contributing to
learning burnout. While Al tools can offer immediate assistance, they do not necessarily
cultivate students’ abilities for autonomous learning or complex problem-solving. Students,
by quickly obtaining answers without engaging in deep thinking or reflection, may satisfy
short-term learning needs but overlook the importance of independent thought and critical
analysis. In this context, students may become disillusioned with learning, especially
when facing tasks without Al assistance. They often lack sufficient intrinsic motivation for
self-directed learning and problem-solving capabilities. This overreliance on Al weakens
students’ internal learning motivation, as they tend to depend more on technology to
complete tasks rather than actively engage in thinking and problem-solving, leading to a
lack of intrinsic drive to learn, and ultimately, to burnout.

3.3. Limitations of Personalized Learning and the Lack of Self-Management Skills

The personalized learning offered by large models is highly adaptable, adjusting
content and difficulty according to students’ interests and progress. However, the limitation
of such personalized learning lies in its inability to effectively cultivate students’ self-
management skills. While personalized learning focuses on providing tailored learning
paths based on immediate feedback and customization, it often neglects the development
of students’ long-term learning goals, time management, and self-motivation. Additionally,
within a personalized learning environment, students’ learning processes may become
overly isolated. With the widespread use of Al tools, students’ learning activities become
increasingly self-directed, reducing opportunities for social interaction and collaborative
learning [28]. This independent learning model can lead to feelings of loneliness and
isolation, which in turn heightens the emotional burden of learning burnout. The absence
of peer support and collaborative opportunities makes it difficult for students to receive
emotional and motivational encouragement when facing academic challenges, ultimately
decreasing their interest and engagement in learning.

3.4. Changes in the Role of Teachers and Challenges in Teaching Methods

The introduction of large models has significantly altered the role of teachers and
teaching methods. In traditional teaching models, teachers act as knowledge transmitters
and classroom guides, playing an essential role in stimulating students’ interest and cul-
tivating their thinking skills. However, in the era of large models, many students begin
to rely on Al tools for acquiring knowledge and completing assignments, leading to a
gradual reduction in the role of teachers in the classroom. This shift in role not only affects
the quality of teaching but also impacts students’ learning experiences. Without effective
guidance and personalized support from teachers, students may feel lost and frustrated,
leading to burnout. Moreover, teachers, faced with the challenges of teaching in the era of
large models, must navigate the balance between technology and humanistic education.
If teachers fail to leverage their roles in classroom management, emotional support, and
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fostering critical thinking, students’ learning experiences may become more mechanized
and disengaged, further exacerbating learning burnout.

3.5. Decline in Learning Motivation and the Loss of Innovation Ability

Large models, by providing immediate feedback and simplified learning pathways,
make learning quicker and easier for students. However, excessive reliance on these conve-
nient learning methods often leads to a decline in students’ motivation for learning itself.
In the era of large models, students obtain instant answers through Al tools, which, while
reducing the difficulty of learning, also diminish the challenges and sense of achievement
that are central to intrinsic motivation. This results in a reduction in motivation and stifles
students” ability to innovate, a situation particularly pronounced among students with
weaker foundational knowledge. Since the solutions provided by Al tools are typically
based on existing data and patterns, students are more likely to adopt standardized answers
rather than engage in exploratory thinking and creative problem-solving. This “standard-
ized” mode of learning limits students’” innovative abilities, and over time, their interest in
new knowledge and curiosity for learning diminishes, leading to burnout.

4. Teaching Strategies
4.1. Specific Measures

Through continuous practice and research in teaching, this study, using programming
language instruction as a case study, gradually explored and formulated response strategies
from the three following aspects, establishing a closed-loop process as illustrated in Figure 1.

Requiring Students to
Record and Upload
Problem-Solving Videos

| |

| |

| |

| |

| |

: A : Organizing Anonymous
| | Feedback
| |

| |

| |

| |

| |

| |

Identifying Cheating in
Learning Assignments

A
Timely Locating
Students Experiencing
Learning Burnout

Y
Implementing Peer
Evaluation with Three
Reviewers per Student

Optimizing Resource Allocation and Instructional Model Design to
Foster Positive Learning Attitudes

Figure 1. Closed-loop process of teaching response strategies.

4.1.1. Identifying Cheating in Learning Assignments and Quickly Locating Students
Experiencing Learning Burnout

To effectively identify students experiencing learning burnout or even refusing to learn
due to excessive reliance on GenAl, this study designed and developed corresponding
software tools. Currently, this tool is primarily integrated into the OnlineJudge system [37]
for detecting code assignments in programming courses. However, the rules can also
be applied to the detection of electronic assignments submitted via platforms such as
Xuexitong [38], email, or cloud storage. The main principle is to compare the repetition rate
of submitted assignments and analyze submission timestamps to detect behaviors such as
using Al tools to complete assignments, plagiarizing other students” work, or showing a
lack of genuine effort. The specific detection rules are shown in Table 4. With this method,
teachers can promptly identify students facing learning burnout and take appropriate
intervention measures to alleviate cognitive load, thereby helping them regain motivation
for learning.
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Table 4. The specific detection rules for identifying cheating in learning assignments.

Detection Dimensions Id Specific Detection Rules

Presence of Al-generated typical sentence structures (e.g., “As an Al model...”).
Excessive standardized comments in code programming.
Overly rigorous definitions of variable names and function names in
code programming.
Assignment similarity among students exceeding 40%.

Submitted Content

Highly concentrated submission times (e.g., a surge in submissions within one

Behavioral Patterns hour before the deadline).

Exceptionally short editing durations (e.g., submission occurring shortly after
opening the assignment).

Suspected excessive reliance on LLM-generated responses (e.g., intervals

Behavioral Characteristi 7 .. . . .
ehavioral C ctenstics between similar submissions < 2 min, and content increment > 10%).

The detection process and rule examples for the Submitted Content dimension are
shown in Figure 2. In the code example shown in Figure 2, red highlights represent highly
standardized comments, while blue highlights indicate exceptionally well-named functions
or variables. In most cases, when submitting short coding assignments or test solutions,
students tend to overlook these aspects in order to save time.

Obtain the student's
assignment content

As an Al model ...
As an artificial intelligence system ...
Being an Al language model ...

Does it contain typical As a machine learning model ...

Y- sentences generated by
GenAI?
N
1 def[is_valid_date(year, month, day): |
v 2 la_mnth Ts ot between 1 and 12, the date 1t invalid)
3 TF month < 1 or month > 12:
Consider the student Y- D oes it contain exceptionall a return False
suspected of cheating standardized comments? 5
6 [# List storing the number of days in each month, assuming February has 28 days|
4 7 days_in_month = [31, 28, 31, 3e, 31, 3o, 31, 31, 3@, 31, 3@, 31]
8
o [ check i+ ]
N 10 if (year % o I-
11 days_in_month[1] = 29
12
13 # If the day is less than 1 or greater than the maximum days in the given month, the date is invalid]
14 if day < 1 or day > days_in_month[month - 1]:
Does it contain overly 15 return False
Y- rigorous variable or function 16
naming? 17 return True
18
19 def|[calculate weekday (year, month, day):
Lo e e
21 1f month =="1 or month == 2:
N 22 month += 12
23 year -= 1
Y v
Break the code of all students b :
into small blocks of 10 2 Y
27 m = month  # Month
characters each 28 y = year % 16@ # Last two digits of the year
29 k = vear // 100 # First two digits of the year
30 |# zeller's formula to calculate the weekday (returns @-6, @ represents Saturday) |
31 We=(q+13 " (m+1) /[ S+y+y//b+k//a+57k %7
32
. v 33 [# Adjust the result to make @ represent Sunday, 6 represents Saturday ]
etermine whether the 34 return (w + 6) % 7
proportion of equal code Compare the code blocks of 35
blocks between each pair of each pair of students 36 try:
Students is greater than 40% 37 [# Read year, month, and day from input, using map to convert them to integers|
38 year, month, day = map(int, input().split())
39 weekday = calculate_weekday(year, month, day)
40 print( )
41 except ValusE
N 42 print(“er:

Figure 2. The detection process and rule examples for the submitted content dimension.
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Real Name

The detection of the behavioral patterns and behavioral characteristics dimension is
primarily based on timestamps, with examples of detected behaviors illustrated in Figure 3.
In Figure 3, the red boxes highlight suspected cheating behaviors, as it is normally not
possible to complete assignments within such a short period of time.

AC | Total TotalTime 01 02 03 04

19:31:24 19:32:58 19:44:6 19:52:23
1 2) (-4) 1)

8715 140:9:52 176 7 171633
(=2) -1}

5112 87-33:25 17247 17.6.31
(-5)

415 685254 17:4:37 17;110}:2 17:12:18

476 69:18:35 1?{_32]34 17:9:13 17:9:56 17:10:52

ar2 183:4911

4715 821323 20:3:56 20:6:44 20'512}43 (-10)

20:57:8 21:8:48 21:33:37

477 85:29:21 20:49:48
)] 1) 1

Figure 3. An example of suspected cheating behaviors in the behavioral patterns and behavioral
characteristics dimension.

4.1.2. Establishing Peer Learning and Evaluation Mechanisms to Ensure True Mastery
of Knowledge

Traditional assignment evaluation models typically rely on one-way feedback from
teachers, which is often ineffective in stimulating students’ interest in learning or promot-
ing deep understanding. Therefore, this study proposes a peer learning and evaluation
mechanism, requiring students to record problem-solving videos and upload them to the
learning management platform along with their assignments. Other students are tasked
with scoring and providing feedback on these videos. This approach not only encourages
students to explain the knowledge in-depth, reducing their reliance on Al tools for direct
answers, but also fosters an awareness of their peers’ problem-solving approaches through
the evaluation process. This further strengthens their understanding and mastery of the
material. Through peer evaluation, teachers can also gather multi-dimensional feedback on
students’ learning progress without excessively increasing their workload. In preliminary
experiments, a “three-person evaluation per student” peer review model was adopted, not
significantly increasing students” workload while ensuring the objectivity and fairness of
the evaluation.

4.1.3. Establishing an Anonymous Feedback Mechanism to Adjust Assignment Difficulty
and Intensity Timely and Reasonably

To gain real-time insights into students’ learning status and make appropriate course
adjustments, this study introduced an anonymous feedback mechanism. Teachers track stu-
dents’ learning progress and performance through assignments, videos, cheating detection
results, and peer feedback. These data provide valuable support for adjusting assignment
difficulty and the pace of teaching. In addition, regular surveys help teachers collect
feedback on assignment difficulty and workload, avoiding situations where excessive or
insufficient assignment demands lead to student stress or emotional negative reactions,
which may trigger a different form of learning burnout. With these timely and effective
feedback mechanisms, teachers can more flexibly adjust their teaching strategies, ensuring
that students are appropriately challenged without becoming overly fatigued or losing
interest in learning.
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4.2. Changes in Students’ Willingness to Accept

The implementation of the proposed teaching response strategies has undoubtedly
increased students” workload. To analyze their acceptance of these additional tasks—
primarily problem-solving videos recording—two rounds of questionnaire surveys were
conducted during the implementation process. The objective was to explore students’ psy-
chological and behavioral changes during the adaptation process and to provide empirical
evidence for further optimization of the teaching model. The details and results of the
surveys are presented in Table 5.

Table 5. The details and results of the surveys regarding changes in students’ willingness to accept.

Survey Items Options 1st Survey 2nd Survey Change
Easy 0% 9.23% +9.23%
. Moderate 5.08% 75.38% +70.30%
Level of Difficulty Difficult 45.76% 10.77% ~34.99%
Very difficult 49.15% 4.62% —44.53%
Within 15 min 5.08% 36.92% +31.84%
Recording Time Within 30 min 28.81% 40% +11.19%
Re Within 1 h 27.12% 20% ~7.12%
q Within 2 h 16.95% 1.54% —15.41%
More than 2 h 22.03% 1.54% —20.49%
Actively accept 25.42% 46.15% +20.73%
Level of Acceptance Passively accept 38.98% 41.54% +2.56%
p Strongly passively accept 22.03% 6.15% —15.88%
Do not accept 13.56% 6.15% —7.41%

Comparing the results of the two surveys, students underwent a psychological transi-
tion from initial discomfort to gradual adaptation and eventual acceptance of the problem-
solving video recording format. This process reflects not only the natural progression of
adaptive learning [39], but also the reduction in cognitive load [40] and the enhancement
of emotional regulation abilities [41]. At the initial stage, students experienced significant
anxiety and discomfort, with task difficulty and technological challenges being the pri-
mary obstacles. However, over time, through repeated exposure and practice, students’
unfamiliarity with the technical aspects diminished, and they began to recognize the value
of problem-solving video recording in their learning process, gradually shifting towards
a more positive stance. This change can also be explained through emotional regulation
theory. Initially, students” negative emotions (e.g., stress and anxiety) were gradually
replaced by positive emotions (e.g., a sense of achievement and confidence), especially as
the recording time decreased and the task became more manageable. Ultimately, students’
emotional responses toward the task became increasingly positive, leading to greater will-
ingness to actively engage in problem-solving video recording. Based on the survey results
in Table 3, the following aspects were analyzed.

4.2.1. Changes in Perceived Difficulty of Problem-Solving Video Recording

There was a significant shift in students’ perception of problem-solving video record-
ing difficulty between the first and second surveys. In the first survey, approximately
94.91% of students found the problem-solving video recording “difficult” or “very diffi-
cult”, indicating that most students experienced substantial pressure when completing this
task. Several factors may have contributed to this challenge. First, the problem-solving
video recording requires not only a solid understanding of the problem but also strong
verbal communication skills, technical proficiency, and familiarity with recording tools. For
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students lacking technical expertise, the difficulty of operating the software and ensuring
video quality might have imposed an additional cognitive burden. However, the second
survey revealed a marked improvement. A majority (75.38%) of the students rated the
recording difficulty as “moderate”, suggesting that their ability to adapt to this task im-
proved over time. From a psychological perspective, this change aligns with the adaptive
learning theory, which posits that students, through continuous practice and experience ac-
cumulation, gradually reduce anxiety and discomfort associated with new tasks. Although
4.62% of students still perceived problem-solving video recording as “very difficult”, the
overall trend indicates a substantial positive shift in students” evaluations of task difficulty.

4.2.2. Changes in Time Required for Problem-Solving Video Recording

The time required to complete the problem-solving video recording task also changed
significantly between the two surveys. In the first survey, 22.03% of students reported
spending more than two hours on the task, whereas in the second survey, this proportion
had almost disappeared. The second survey showed that 36.92% of students could complete
the task within 15 min, and 40% within 30 min. This shift indicates a notable increase in
students’ efficiency in completing the recording process. This reduction in time required
suggests an improvement in students’ proficiency in executing the task. Through repeated
practice, students became more efficient in problem-solving video recording, thereby
reducing both cognitive load and time pressure. Notably, the decreased time investment
likely influenced students’ perceptions of the task, contributing to a greater willingness to
engage with this format.

4.2.3. Changes in Willingness to Accept Problem-Solving Video Recording

Students” willingness to accept the problem-solving video recording showed a sub-
stantial shift between the two surveys. In the first survey, only 25.42% of students reported
“actively accepting” this format, while a majority (approximately 39%) indicated “passive
acceptance”. Furthermore, 13.56% of students explicitly stated that they did not accept
this format. These results suggest that, at the initial stage, the introduction of the problem-
solving video recording encountered significant resistance. Students’ negative attitudes
may have stemmed from their unfamiliarity with the technical aspects of the task, concerns
about excessive time consumption, or a general reluctance toward adopting new learning
formats. However, in the second survey, approximately 46.15% of students reported “ac-
tively accepting” problem-solving video recording, a significant increase from the initial
25.42%. This improvement suggests that, as students continued to engage with the task,
they gradually recognized its educational benefits, particularly in enhancing their problem-
solving skills. Meanwhile, 41.54% of students still remained in the “passive acceptance”
category, indicating that although overall acceptance had improved, a portion of students
had not yet fully transitioned into enthusiastic participants. Notably, 6.15% of students
expressed “strongly passive acceptance”, a sharp decline from the 22.03% recorded in the
first survey, implying a reduction in students’ resistance toward this format. Addition-
ally, the percentage of students who did not accept the problem-solving video recording
dropped from 13.56% to 6.15%, further supporting the notion that students” adaptation
to this learning approach had improved. According to Cognitive Load Theory [42], as
students became more familiar with the recording process, the cognitive load associated
with the task decreased, leading to a corresponding increase in acceptance.

4.3. Changes in Students’ Performance

This section analyzes the performance of students from the Digital Economy major
(Class of 2022 and Class of 2023) in the Python Programming course, focusing on their
final exam results, as presented in Table 6. While students from the Class of 2022 exhibited
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better performance in their daily tasks, their final exam scores were less than satisfactory.
Through post-exam discussions with the students, it became evident that their over-reliance
on large-scale models, coupled with a lack of practical exercises, significantly contributed
to their underperformance. This observation serves as one of the primary motivations
for conducting this research. In contrast, students from the Class of 2023 followed the
instructional approach outlined in Section 4.1 for their daily learning activities.

Table 6. The details and final exam results of the performances of students from the Digital Economy
major (Class of 2022 and Class of 2023) in the Python Programming course.

Class Exam 100-90 89-80 79-70 69-60 59 and Average
Takers Below Score
6 15 24 11 2
2022 58 10.34% 25.86% 41.38% 18.97% 3.45% 75.74
9 21 15 11 3
2023 59 15.25% 35.59% 25.42% 18.64% 5.08% 78.61
_ Degree of +1 +4.91% +9.73%  —1596%  —0.33% +1.63% +3.79%
improvement

The average scores of the two cohorts show a notable difference, with the Class of 2023
outperforming the Class of 2022 (78.61 vs. 75.74). Analyzing the distribution across differ-
ent score brackets, the proportion of students in the high-score range (100-90) in the Class
of 2023 increased significantly from 10.34% in the Class of 2022 to 15.25%. Similarly, in the
89-80 range, the percentage rose from 25.86% in the Class of 2022 to 35.59% in the Class
of 2023, reflecting an improvement of 9.73%. This shift indicates that the instructional
strategies proposed in this study have demonstrated notable effectiveness in the teach-
ing practices of the Class of 2023. Meanwhile, the number of students scoring below
69 remained largely unchanged, suggesting that these students are less associated with
the use of large-scale Al models. Their consistently low performance may be primarily
attributed to poor study habits and a lack of motivation, leading to minimal engagement in
academic activities.

5. Discussion

The findings of this study emphasize the dual-edged nature of GenAl in education,
particularly its role in both enhancing and challenging student learning experiences, which
is consistent with the concerns and analyses presented in the literature [4-6,18-22]. As
we explore the implications of learning burnout among university students in the context
of large-scale Al models, it is crucial to analyze the results from this study, focusing on
the causes of burnout, the effectiveness of proposed response strategies, and the broader
educational implications. The initiative proposed in this study focuses on enhancing
student engagement, aligning with approaches such as flipped classrooms [43]. While
current research in this area has often lacked practical implementation strategies [15-17],
the findings of this study serve as a valuable complement and effective exploration of the
existing literature.

Our survey identified key contributors to learning burnout, primarily information
overload and overdependence on technology. The data reveal a significant sense of being
overwhelmed, with 43.36% of students reporting experiences of information overload while
using GenAl tools, which undermines effective learning and critical thinking. This superfi-
cial engagement can lead to fragmented knowledge, creating a disconnect between learned
information and its practical application in real-world contexts. Furthermore, our results
highlight a troubling trend of overreliance on GenAl, where such dependence diminishes
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students’” autonomous learning capabilities and fosters a sense of learned helplessness. As
students frequently turn to Al for answers, their intrinsic motivation for learning declines
correspondingly. Reliance on simplified responses also inhibits genuine engagement with
learning tasks, ultimately resulting in stagnation in cognitive development and innovation.

In addressing these challenges, the study’s proposed instructional strategies—
primarily centered around collaborative learning, peer evaluation, and real-time feedback
mechanisms—have shown promise in mitigating the negative impacts of learning burnout.
The implementation of peer learning and evaluation allowed students to engage deeply
with the material while fostering a collaborative learning environment, promoting not only
cognitive understanding but also social interaction. The rise in students” acceptance of this
format, as highlighted by the changes in survey responses, further confirms the potential of
these strategies to enhance engagement and motivation. The strategy to integrate cheating
detection tools serves as an immediate feedback mechanism, empowering educators to
identify at-risk students and intervene proactively. This aspect of the intervention is crucial
because timely support can help restore a sense of agency in students and counteract the
feelings of burnout associated with technological dependence. The acceptance of this tool
reflects the willingness of students to recognize the importance of maintaining academic
integrity while also benefitting from Al assistance.

From an educational standpoint, the findings advocate for a re-evaluation of how
GenAl tools are integrated into instructional practices. The role of educators must evolve
from traditional knowledge transmitters to facilitators of learning, where teaching strategies
are designed to incorporate technology while simultaneously fostering critical thinking
and problem-solving. The effectiveness of Al tools hinges on the pedagogical framework
employed by instructors. Moreover, findings suggest a need for educational systems to
implement training programs focused on digital literacy, critical thinking, and the ethical
use of Al tools. As students increasingly interact with GenAl models, equipping them with
the skills to critically assess and utilize the technology responsibly becomes imperative.

This study provides valuable insights into the phenomenon of learning burnout
associated with GenAl in higher education. However, it is important to acknowledge
several limitations. First, the current sample size is relatively small, with participants
being restricted to students from a limited set of majors within a single institution in China.
Second, the focus on programming courses limits the broader applicability of the findings
to other disciplines. Third, the current cheating detection rules primarily rely on the
subjective experience gained through the teaching process. While the machine-generated
results are presented to the students, who have acknowledged their cheating behaviors,
suggesting a certain level of reliability in the detection system, the rules cannot be disclosed
publicly to avoid students circumventing them. As a result, it has been challenging to
accurately collect and build a comprehensive dataset on cheating behaviors. In future
research, we aim to expand the scope of participants and course types, explore the long-term
impact of Al tools in other fields of study and diverse student populations, and collect and
construct a more accurate and comprehensive cheating behavior dataset without disrupting
regular teaching activities. We will also focus on developing more precise performance
evaluation algorithms.

In conclusion, this study emphasizes the critical issue of mitigating the learning
burnout caused by the misuse of GenAl in higher education, with a focus on programming
language teaching as a case study. While acknowledging the transformative potential
of GenAl in enhancing educational experiences, we also highlight the vulnerabilities it
introduces, particularly in fostering learning burnout. By identifying the root causes of
this phenomenon and proposing targeted teaching strategies, this research offers valuable
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insights into how educators can effectively integrate Al tools while minimizing their
negative impact on student well-being.
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