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ABSTRACT
BACKGROUND
The aim of the study was to examine student behaviour 
during the learning process with the use of artificial in-
telligence (AI).
MATERIALS AND METHODS
The methodology included both quantitative and qual-
itative methods, specifically an experimental approach 
to compare the learning outcomes of the control and 
experimental groups, statistical analysis to assess stu-
dent success, and content analysis of open-ended sur-
vey questions to identify key trends and challenges in 
the use of AI in education. 
RESULTS
The study analysed the impact of AI on the learning 
process of 200 students majoring in Information Tech-
nology at Puyang Vocational and Technical College. The 
integration of AI into the educational process was ex-
plored, focusing on tools such as TensorFlow, PyTorch, 
Google Colab, and MATLAB. The effectiveness of tradi-
tional teaching methods was compared with AI-based 
learning, and student success in both the control and 
experimental groups was assessed. Students in the 
experimental group, who studied using AI tools, were 
associated with significantly higher scores across all 
evaluation aspects, with an overall average success 
rate of 4.6 compared to 3.4 in the control group. A sur-
vey of students in the experimental group revealed that 
77% of respondents found the use of AI beneficial for 
improving their problem-solving skills. 
CONCLUSION
The study suggests that students in the experimental 
group tended to demonstrate higher results and a more 
positive perception compared to the control group.
Keywords: AI-driven personalised learning, Student 
behaviour analytics, Tensorflow and pytorch integration 
in education, Comparative ai education strategies, IT 
curriculum performance enhancement

Introduction
Analysing student behaviour during the learning pro-
cess using artificial intelligence allows us to understand 
the impact of new technologies on the effectiveness of 
education and identify key factors that contribute to 
improving learning outcomes. This research clarifies 
how AI can personalise learning for individual needs 
and optimise administrative processes to enhance ed-
ucation quality, student motivation, and skill develop-
ment to prepare competitive specialists. Key concepts 
are defined for clarity: “Success” refers to measurable 
academic achievements, including knowledge acqui-
sition, skill development, and sustained motivation. 
“Learning effectiveness” is the extent to which AI  

interventions enhance comprehension, retention, 
and application of knowledge compared to traditional 
methods. “Practical skills” are competencies transfer-
able to real-world contexts, including problem-solving, 
critical thinking, and digital literacy.

Research has examined AI’s impact on student be-
haviour, particularly personalised learning and academic 
achievement. Xiang1 investigated AI in e-learning, using 
big data to assess daily habits and uncovering correla-
tions between behavioural patterns and learning effec-
tiveness through personalised recommendations. Zhao 
and Yu2 explored instructor competence models and stu-
dent behaviour using emotional-behavioural relevance 
theory and AI, showing how students’ emotional states, 
influenced by task complexity and AI support, affect mo-
tivation and learning effectiveness. Wang et al.3 studied 
factors influencing university students’ intention to use 
generative AI, identifying interest, perceived usefulness, 
resource availability, and AI literacy as key determinants.

Wang and Wang4 developed an AI-based model for 
monitoring online learning and student behaviour, im-
proving learning effectiveness through automatic activity 
tracking. Alam et al.5 examined student knowledge, atti-
tudes, and behaviour regarding AI, finding that AI-sup-
ported personalised feedback, interactive materials, and 
quick query resolution enhanced learning and skill de-
velopment. Bai6 used the Stimulus-Organism-Response 
model and rational behaviour theory to identify factors 
promoting or inhibiting AI usage, including technical 
literacy, motivation, perceived usefulness, and instructor 
support. Li7 introduced an AI-based model for predicting 
and managing student behaviour, enabling timely recom-
mendations to improve learning activities. Ma8 modelled 
students’ adoption of generative AI for language learning 
using planned behaviour theory, highlighting attitudes, 
perceived usefulness, social influence, and control as key 
factors affecting AI readiness.

While these studies provide valuable insights, critical 
gaps remain. First, prior research has primarily focused on 
isolated aspects of AI’s impact, behavioural patterns, 
emotional states, or adoption drivers, without integrat-
ing these elements into a comprehensive framework of 
how AI enhances success, learning effectiveness, and 
practical skill development across diverse educational 
contexts. Second, cultural and social influences on AI 
adoption are often underexplored, particularly in com-
parative contexts where technological infrastructure, 
teaching methodologies, and societal attitudes toward 
AI may differ significantly. Third, limited attention has 
been paid to how AI can be strategically adapted to 
meet the specific needs of educational systems outside 
of technologically advanced regions.
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This study aims to address these gaps by examining 
the pathways and feasibility of integrating AI technolo-
gies into the educational systems of different countries, 
with a primary focus on China and Kyrgyzstan. Unlike 
prior research, it examines not only the technical and 
behavioural aspects of AI in education but also the cul-
tural and systemic factors influencing its effectiveness. 
The study further compares international experiences 
(USA, Canada, Germany, Singapore) to formulate rec-
ommendations for enhancing AI-driven learning and 
developing practical skills in diverse educational set-
tings. By doing so, it advances understanding of AI’s 
potential to transform learning processes beyond what 
existing literature has addressed.

Methods
Design
This study analysed the use of AI in education systems 
across various countries, specifically China, the Unit-
ed States, the United Kingdom, Canada, Singapore, 
and Germany, based on the latest media reports and 
documents. These included sources such as Business 
Insider,9 Osvitoria Media,10 Hromadske,11 Government 
of Canada,12 Deutsche Welle (DW),13 and the Minis-
try of Education Singapore.14 These sources were se-
lected because they highlight current initiatives and 
strategies for implementing AI in education systems, 
particularly in China, the USA, Canada, Germany, and 
Singapore. These countries were chosen because, at the 
time of the study, their education systems were actively 
incorporating AI strategies and initiatives. Textual 
data were reviewed and thematically coded to identify 
patterns and emerging themes, with a brief codebook 
developed through iterative reading and cross-checking 
among researchers. The analysis followed a construc-
tivist qualitative paradigm and was supported by qual-
itative data software to ensure systematic organisation 
of categories.

The study revealed the primary approaches to inte-
grating technology into the learning process. Specifi-
cally, the study examined platforms such as “Squirrel 
AI”,15 intelligent systems for automatic curriculum 
formation in Canada, automated course registration 
platforms in Germany, and the “Smart Nation”16 pro-
gramme in Singapore for adaptive learning. This study 
was conducted according to the Qualitative Research 
Guidelines.74

The general methodological process is illustrated in 
Figure 1, which outlines the main stages of participant 
selection, group allocation, training activities, data col-
lection, and subsequent quantitative and qualitative 
analysis.

Participants
The study involved 200 students from Puyang Voca-
tional and Technical College, with 100 participants 
in each of the two groups: control and experimental. 
The participants were third-year students majoring in 
“Information Technology” and ranged in age from 18 
to 21 years. Inclusion criteria included being in the 
third year of study in the “Information Technology” 

programme and consent to participate in the study. 
Exclusion criteria included academic debt or previous 
participation in similar projects. With a 1:1 distribu-
tion between the control and experimental groups, the 
sample was not chosen at random but rather on the ba-
sis of the previously described criteria. The institution 
was chosen due to its focus on preparing specialists in 
IT and its adequate infrastructure to implement exper-
imental methodologies. 

The control group followed a standard programme 
in “Computer Science and Technology”,17 while the 
experimental group studied a similar programme but 
with the integration of AI. The control group followed 
traditional teaching methods, including lectures, prac-
tical sessions, laboratory work, and course projects, 
focusing on programming fundamentals, algorithms, 
and database management systems. They worked with 
existing software environments and used traditional 
software development tools. Tasks in this group fo-
cused on analysing and solving technical problems 
using standard software tools, such as Visual Studio, 
Eclipse,19 NetBeans20 for software development, and 
MySQL21 and Oracle22 for database work. The experi-
mental group actively utilised AI tools in addition to 
traditional methods. This group’s students integrated 
systems based on machine learning (ML), AI, and big 
data into their learning process. They worked with 
software such as TensorFlow,23 PyTorch,24 Google Co-
lab,25 MATLAB,26 and Keras27 to solve tasks related to 
ML, big data processing, and neural network creation.

Data Collection
Both groups were tasked with developing algorithms 
for data processing and analysis using appropriate 
tools. The control group used traditional programming 
tools, while the experimental group used AI libraries. 
They were also tasked with creating prediction models 
based on real-world data. The experimental group used 
TensorFlow or PyTorch to implement learning models, 
while the control group applied classical algorithms. 
Additionally, they worked on data classification prob-
lems, where the experimental group used neural net-
works, and the control group worked with traditional 
ML methods. Both groups were required to develop an 
interactive programme for natural language process-
ing (NLP), such as a chatbot or text analysis system. 
The experimental group used Keras or Google Colab to 
build and train neural networks. 

At the end of the semester, all students’ performance 
scores were analysed. Statistical methods and content 
analysis were used to assess the results. To compare 
the performance between groups, an independent 
samples t-test was used, and the results showed sta-
tistically significant differences in all main categories, 
consistent with the results of t-tests, Mann-Whitney 
U-tests, and ordinal logistic regression. The p-values 
after Holm-Bonferroni correction remained below the 
0.05 threshold for all comparisons.

A survey was conducted among the experimental 
group participants, using a percentage-based rating 
scale where 0–20% indicated “completely dissatisfied”, 
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21–40% – “dissatisfied”, 41–60% – “neutral”, 61–80% – 
“satisfied”, and 81–100% – “completely satisfied”. 
The survey included 10 questions (Supplementary 
Material 1). Closed-ended questions were designed to 
obtain clear answers about specific aspects of student 
behaviour during the AI-based learning process. This 
made it easier to analyse responses and conduct quan-
titative comparisons between groups. Open-ended 
questions were used to gather more detailed opinions 
on how AI tools affected students’ skills and what they 
could improve in the learning process. These responses 
were analysed using content analysis to identify trends 
and challenges in the learning process.

Data Analysis
The authors of the study assessed student performance 
on a 5-point scale (Supplementary Material 2): 1 = poor, 
2 = satisfactory, 3 = good, 4 = very good, 5 = excellent. 
The scale was adapted from proven IT and AI com-
petency assessment systems. To ensure the validity 
and reliability of the rubric, internal consistency was 
assessed using Cronbach’s alpha (α = 0.87), indicat-
ing good reliability. Model specification followed the 

proportional-odds assumption, verified by the Brant 
test (p > 0.05 for all models). Multicollinearity was 
checked (VIF < 2). Model fit was assessed using the 
likelihood-ratio χ², Akaike Information Criterion (AIC), 
and Nagelkerke R². Results are reported as mean ± SD, n, 
95% confidence intervals (CIs), and effect sizes (Cohen’s 
d with 95% CIs). For all inferential tests, p-values were 
adjusted using the Holm–Bonferroni correction. The 
primary analysis compared post-intervention scores 
between control and experimental groups using inde-
pendent-samples t-tests. 

Given the available data, we used independent-sam-
ple t-tests and non-parametric comparisons. No baseline 
covariates were available for adjustment, and cluster-
ing by instructor/class was not modelled; therefore, 
results should be interpreted as indicative of associa-
tions rather than causal effects.

Ethical Considerations
The participants’ confidentiality was maintained, and 
ethical norms were followed to ensure the protection 
of personal data and fairness in the data collection 
process, in accordance with the Code of Ethics of the 
American Sociological Association.28 All procedures 
performed in the study were approved by the Insti-
tutional Review Board of Kyrgyz National Universi-
ty named after Jusup Balasagyn, approval number 
2025/001, and by the Ethics Committee of Puyang 
Vocational and Technical College, approval number 
2025/PVTC-042. Participants were informed about the 
research purpose, and their consent was obtained pri-
or to participation.

Results
Background
AI-enabled customised, adaptive learning is chang-
ing education. Some students embrace AI for individ-
ualised learning and rapid feedback, but others are 
uncertain or stressed, decreasing engagement. Digi-
tally savvy students are more engaged than those who 
aren’t. Monitoring and adapting AI to varied student 
demands is essential. Beijing will require elementary 
and middle school pupils to take at least eight hours 
of AI classes every year starting in fall 2025, accord-
ing to Business Insider.9 Over 460,000 students and 
63,000 staff at California State University have access 
to an education-adapted ChatGPT version, the largest 
institutional AI application in the US. Hromadske11 
reported that senior students in the UK can take AI 
development courses, including a textbook built with 
SenseTime. Ontario has integrated AI into courses to 
improve digital skills and personalisation. German 
authorities have backed AI in education, particularly 
for intelligent learning systems and distance learning 
platforms, according to DW.13 The Singapore Ministry 
of Education uses AI for adaptive learning and critical 
thinking.29 Different countries are experimenting with 
AI in education to increase accessibility and custom-
isation, but results vary and are context-specific. In 
China, technologies like “Squirrel AI” assess students’ 
understanding and alter content to their pace, deliv-
ering personalised training and rapid feedback. AI 

Fig 1 | Flow of the quasi-experimental design illustrating participant selection, non-
randomised group assignment, learning activities, data collection, and analysis stages
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automates course registration and provides progress 
tracking and recommendations in Germany.30-32 Singa-
pore’s “Smart Nation”16 plan combines AI for adaptive 
learning, virtual simulations, and practical challenges 
to motivate and understand.

Impact of AI usage on the effectiveness of the 
learning process in China
The control group used traditional teaching methods 
focused on classical approaches to programming,  
databases, and software development. The experimental 

group, on the other hand, had the opportunity to work 
with modern AI tools, which allowed them to apply ML, 
big data, and neural networks in their projects (Table 1).

The data presented above show significant differenc-
es in the approaches to learning activities between the 
control and experimental groups. The control group 
used traditional teaching methods focused on master-
ing basic principles of programming, algorithm design, 
working with databases, and software development 
using standard development environments (Visual 
Studio, Eclipse, NetBeans). The main emphasis in this 
group’s learning process was placed on fundamental 
approaches to solving technical tasks using classical 
algorithms and data structures. At the same time, the 
curriculum for the experimental group involved inte-
grating AI technologies into the educational process. 
Thanks to the use of libraries such as TensorFlow, Py-
Torch, Keras, and analytical platforms (Google Colab, 
MATLAB), students were able to work with ML methods, 
big data processing, and neural networks. A distinctive 
feature of the experimental group’s learning process 
was the expansion of the practical component through 
the use of modern tools for developing intelligent sys-
tems. Specifically, students in this group developed 
their own predictive models, performed data classifi-
cation using deep neural networks, and worked with 
natural language processing methods.

Students in the experimental group not only mas-
tered the theoretical foundations of traditional pro-
gramming but also gained practical experience working 
with modern intelligent systems.33 They demonstrated 
a high level of independence in completing laborato-
ry work and course projects, as developing algorithms 
and ML models requires an understanding of AI prin-
ciples. A significant difference between the two groups 
also lies in the methods of software testing and optimi-
sation. The control group used traditional approaches 

Table 1 | Comparative analysis of the forms of learning activities of the control and 
experimental groups

Forms of 
work

Control group Experimental group

Theoretical 
classes

Study of basic programming, 
algorithmisation, working with databases, 
principles of software development

Additional study of AI fundamentals, 
ML, big data analysis

Practical 
classes

Use of standard development 
environments (Visual Studio, Eclipse, 
NetBeans) for software creation

Application of Python and ML libraries 
(TensorFlow, PyTorch, Google Colab) to 
implement algorithms

Laboratory 
work

Development of algorithms and 
programming using traditional methods; 
testing, debugging code

Use of neural networks for data 
analysis and classification, model 
optimisation using AI tools

Course 
projects

Software development using standard 
technologies and programming 
languages (Java, C++, Python)

Integration of AI technologies into 
software products, development of 
predictive models

Data 
processing 
and analysis

Use of traditional data processing 
algorithms and database management 
systems (MySQL, Oracle)

Application of ML methods for 
predictive analysis, big data 
processing

Development 
of intelligent 
systems

Implementation of basic algorithms 
for searching, sorting, and information 
analysis

Creation of interactive systems, such 
as chatbots and NLP programmes 
using Keras, Google Colab

Methods 
of code 
optimisation

Use of standard testing methods, 
performance optimisation, and 
debugging software

Use of MATLAB for numerical 
modelling and algorithm optimisation

Table 2 | Results of the assessment of students’ learning achievements in the control and experimental groups

Aspects of 
evaluation

Average values (points) Mean Differ-
ence (95% CI)

β (SE) Wald 
χ²

Effect Size 
(Cohen’s d, 

95% CI)

p-value (adjusted, 
Holm-Bonferroni)

Mann- 
Whitney U-tests 

(p-value)Control group  
(n = 100, Mean ± SD)

Experimental group  
(n = 100, Mean ± SD)

Ability to 
develop 
algorithms

3.5 ± 0.6 4.6 ± 0.5 1.1 (0.9-1.3) 1.98 (0.42) 22.1 1.94  
(1.52–2.36)

<0.001 <0.001

Modelling and 
forecasting

3.2 ± 0.7 4.8 ± 0.6 1.6 (1.3-1.9) 2.34 (0.39) 35.6 2.38  
(1.94–2.82)

0.02 0.016

Data 
classification 
and analysis

3.3 ± 0.8 4.7 ± 0.6 1.4 (1.1-1.7) 2.10 (0.41) 26.1 1.92  
(1.50–2.34)

0.03 0.021

Development 
of interactive 
applications

3.6 ± 0.7 4.5 ± 0.5 0.9 (0.6-1.2) 1.45 (0.38) 14.6 1.39  
(0.97–1.81)

0.04 0.038

Software 
optimisation 
and testing

3.4 ± 0.6 4.3 ± 0.5 0.9 (0.6-1.2) 1.62 (0.37) 19.3 1.56  
(1.14–1.98)

0.01 0.027

Overall 
average 
academic 
performance

3.4 ± 0.5 4.6 ± 0.4 1.2 (1.0-1.4) 2.71 (0.43) 39.8 2.63  
(2.15–3.11)

<0.001 <0.001
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to code debugging and performance analysis, while 
the experimental group applied numerical modelling 
and optimisation algorithms using MATLAB. This con-
tributed to the development of skills for working with 
large data sets and improving the efficiency of software 
development.

The results obtained at the end of the semester indi-
cate that AI integration was associated with the develop-
ment of technical competencies and provided students 

with experience using contemporary IT tools. The intro-
duction of modern analytical tools and ML algorithms 
was associated with students gaining competitive ad-
vantages in the job market and appearing better pre-
pared to work in high-tech industries (Table 2).

The results obtained indicate a significant difference 
in the academic achievements of students in the con-
trol and experimental groups. Specifically, students 
who learned with the use of AI tools demonstrated 

Table 3 | Results of the survey of students of the experimental group after the experiment

Question Answer options Percentage of students’ answers
Please rate your overall experience of the programme, which 
included the use of AI tools (TensorFlow, PyTorch, Keras, Google 
Colab, MATLAB)

Very positive 35%

Positive 42%

Neutral 15%

Negative 6%

Very negative 2%

How clear were the materials and assignments related to the use of 
AI technologies?

Completely understandable 30%

Mostly understandable 45%

Partially understandable 20%

Not clear at all 4%

Not clear at all 1%

How would you rate your level of skills in working with AI libraries 
and platforms after completing the course (TensorFlow, PyTorch, 
Google Colab, etc.)?

Very high 22%

High 38%

Medium 30%

Low 8%

Very low 2%

How effectively do you think the AI tools helped you to solve the 
course tasks?

Very effective 28%

Efficiently 47%

Partially effective 20%

Slightly effective 4%

Did not help at all 1%

What was the most difficult thing for you when using AI tools? Working with libraries 25%

Understanding the theoretical foundations of AI and ML 28%

Setting up environments 20%

Creating neural networks and training them 27%

Other 0%

How did your attitude towards the use of AI technologies in 
programming change after completing the course?

Significantly improved 33%

Rather improved 40%

Has not changed 20%

Rather deteriorated 5%

Significantly worsened 2%

Did you feel that studying with AI tools allowed you to better 
understand the real challenges of the IT industry?

Yes, completely 36%

Partially 50%

No 10%

It is difficult to answer 4%

Do you plan to continue using AI technologies in your professional 
activities?

Yes 55%

Possibly 35%

No 5%

Not yet decided 5%
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higher scores across all evaluation aspects. One pos-
sible explanation for this trend may be the association 
between the integration of ML and big data process-
ing methods and the experimental group’s learning 
outcomes. The use of TensorFlow, PyTorch, Keras, and 
Google Colab was associated with greater opportuni-
ties for hands-on experience in neural networks and 
forecasting algorithms, which coincided with higher 
self-assessed skills in modelling and data analysis. 
Ordinal logistic regression models confirmed that AI-
based learning significantly predicted higher perfor-
mance scores across all evaluation domains (Table 2). 
The proportional-odds assumption was met (Brant χ² = 
8.34, p = 0.19). Model fit was acceptable (AIC = 512.4, 
Nagelkerke R² = 0.42).

In the control group, where traditional teaching 
methods were applied, the focus was on classical pro-
gramming algorithms, which, although contributing to 
the development of fundamental knowledge, did not 
allow students to fully leverage modern data analysis 
methods and software optimisation techniques. This 
may be related to lower flexibility in solving complex 
technical problems, which was associated with lower 
success rates. The higher results of the experimental 
group may be related to the greater opportunity for 
practical knowledge application. Using AI algorithms 
in real-life cases was associated with students report-
ing greater development of skills aligned with modern 
trends in the field of IT.34 In particular, the significant 
improvement in the categories of “modelling and 
forecasting” (4.8 vs. 3.2) and “data classification and 
analysis” (4.7 vs. 3.3) suggest a positive association 
between ML method use and learning outcomes.

Next, a survey was conducted among the students of 
the experimental group to analyse the impact of using 
AI on the learning process and to determine students’ 
attitudes towards innovative technologies in educa-
tion. Closed-ended questions provided standardised data 
for quantitative comparison between the groups, while 
open-ended questions allowed for the collection of qual-
itative information about students’ experiences, their 
impressions, and suggestions for improving learning 
with the use of AI (Table 3).

The results of the survey indicate a predominantly 
positive reception among students in the experimen-
tal group regarding the integration of AI tools into the 
educational process. Specifically, 35% of respondents 
rated their experience as “very positive”, and 42% 
rated it as “positive”, making a total of 77% with a fa-
vorable attitude. Only 8% expressed negative or very 
negative impressions. In terms of course materials 
and tasks, 75% of students found them “completely” 
or “mostly” understandable, indicating a satisfactory 
level of accessibility. However, 25% of students report-
ed partial or low clarity, suggesting the need for further 
refinement in course delivery. When it comes to self-as-
sessment of skills in working with AI libraries and plat-
forms, 22% rated their skills as “very high” and 38% 
as “high”, while 30% rated their skills as “average”, 
and only 10% rated their skills as low or very low. 75% 
of respondents affirmed the effectiveness of using AI 

tools in solving learning tasks, describing them as 
“very effective” or “effective”.

The survey also revealed three primary challeng-
es faced by students: understanding the theoretical 
foundations of AI and ML, creating and training neu-
ral networks, and setting up AI environments. These 
difficulties notably impacted their learning outcomes 
and overall experience. For 28% of students, the ab-
stract nature of AI and ML concepts, such as neural 
networks and gradient descent, posed significant chal-
lenges. Limited prior exposure to these topics made it 
difficult to apply theoretical principles effectively, re-
sulting in suboptimal model design and tuning. Lower 
self-assessed skill levels and performance in tasks re-
quiring deep comprehension reflected this gap. Tech-
nical challenges also played a major role. For 20% of 
students, configuring AI libraries, navigating cloud 
platforms like Google Colab, and managing hardware 
constraints created barriers. These issues delayed proj-
ect completion and shifted the focus from learning to 
troubleshooting, leading to frustration and reduced 
engagement. Additionally, 27% of students found 
creating and training neural networks to be the most 
challenging task. Issues in selecting appropriate ar-
chitectures, preprocessing data, and debugging prob-
lems like overfitting resulted in lower performance in 
data-driven tasks, despite the experimental group’s 
overall higher scores.

To address these challenges, educators can imple-
ment several strategies. Strengthening theoretical 
foundations through pre-course modules and interac-
tive tutorials could help students build essential back-
ground knowledge.35-37 Simplifying the environment 
setup with standardised guides, pre-configured virtual 
machines, and expanded cloud access would reduce 
technical barriers. Supporting practical implementa-
tion through guided projects, mentorship programmes, 
and automated feedback tools could enhance students’ 
confidence in model design and optimisation. Fur-
thermore, addressing psychological barriers through 
gamification, progress tracking, and counseling can 
help boost motivation and reduce anxiety. By adopting 
these strategies, educators can create a more inclusive 
and effective AI learning environment, improving both 
student performance and engagement.

After completing the course, 73% of participants 
reported an improved attitude toward AI technologies, 
with 33% noting a “significant improvement” and 
40% reporting a “somewhat improved” attitude. Addi-
tionally, 86% agreed that AI tools helped them better 
understand real-world IT tasks. Regarding future pro-
fessional plans, 55% of students intend to continue 
using AI technologies, while 35% are considering it, 
reflecting a strong interest in these tools.

Content analysis of the responses revealed that Ten-
sorFlow (34%) and PyTorch (26%) were the most useful 
tools for practical assignments, followed by Keras (18%) 
and Google Colab (15%). MATLAB was less popular 
(7%), likely due to its focus on engineering computa-
tions. Open-ended responses emphasised the need for 
deeper theoretical explanations, more industry-specific  
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case studies, team-based projects, and additional 
workshops on popular AI libraries.38 Participants also 
highlighted the importance of prompt consultative 
support to address technical difficulties. These insights 
offer a solid foundation for optimising the course struc-
ture to better meet student needs.

Ways of implementing AI into the educational 
system of China and other countries for enhanced 
student learning outcomes
The integration of AI into China’s education system 
is one of the key steps in the country’s development, 
aimed at improving learning outcomes and enhancing 
educational processes. China is actively developing in-
novative technologies to optimise learning, foster per-
sonalised education, and ensure access to high-quality 
materials for all students. One of the primary methods 
of AI implementation in Chinese education is the cre-
ation of adaptive learning platforms.73 The “Squirrel 
AI” system is an example of such an approach. This 
intelligent platform uses AI algorithms to assess each 
student’s knowledge level and adapt learning materi-
als and exercises to their needs. The platform provides 
personalised learning by tracking student progress in 
real-time and offering exercises that match their prepa-
ration level. As a result, students have more opportu-
nities to develop their abilities, and teachers can more 
effectively manage the learning process.

Additionally, China is actively utilising AI technolo-
gies for automated student assessment. For example, 
the “Zhihuishu” system combines AI and large data-
sets for automated testing and evaluation of students’ 
work. This significantly reduces teachers’ workload, 
allowing them to focus on analysing results and pro-
viding individualised support to students. Chinese 
universities also leverage AI to assist instructors in 
creating educational materials, analysing test results, 
and even predicting student outcomes based on data. 
Some universities use AI to create personalised learn-
ing programmes tailored to students’ needs and to 
monitor their learning progress, enabling teachers to 
better understand the unique requirements of each 
student and adapt teaching plans to improve learning 
efficiency.39-41

Government initiatives play a vital role in imple-
menting AI in education.42-44 In China, heavy invest-
ment in digital technologies has enabled intelligent 
platforms in public schools and universities, support-
ing AI research, infrastructure, and broad accessibility. 
Educators adapted through professional training and 
specialised courses on platforms like “Squirrel AI” and 
“Zhihuishu,”15 allowing them to personalise learning, 
automate assessment, and analyse student perfor-
mance. Automated evaluation systems freed teachers 
from routine tasks, enabling more one-on-one support.

Institutional support further facilitated integration. 
Governments provided high-speed internet, cloud 
platforms, virtual classrooms, and necessary software 
(TensorFlow, PyTorch, MATLAB) and hardware, often col-
laborating with tech companies – e.g., SenseTime devel-
oped AI textbooks in China, while Ontario integrated 

AI into curricula. Ethical standards ensured student 
data confidentiality and fairness.45, 46

Artificial intelligence in the Chinese education sys-
tem is part of a broader initiative aimed at improving 
educational processes, providing personalised learn-
ing programmes, and improving access to resources. 
Technologies such as the “Squirrel AI” system and 
automated student assessment platforms such as “Zhi-
huishu” are being integrated to optimise the learning 
experience, reduce administrative burdens, and sup-
port student progress tracking. The government sup-
ports these efforts by investing in digital infrastructure 
and professional development for educators. The inte-
gration of artificial intelligence into education is still 
developing, but it lays the foundation for continuous 
improvement in educational practices and access to 
education, especially in rural areas.

Recommendations for further implementation of AI
The implementation of AI in China’s education system 
required a comprehensive approach, including the 
development of infrastructure, staff training, and the 
adaptation of existing educational programmes to new 
technologies. The first step involved integrating adap-
tive learning platforms, such as “Squirrel AI”, into the 
educational process. Students used these systems for 
personalised learning that considered their individu-
al needs and progress. Teachers could track results in 
real-time and adjust the learning process, allowing for 
more effective allocation of attention among students. 
To improve assessment and reduce the workload on in-
structors, automated testing systems like “Zhihuishu” 
were introduced. These technologies allowed for quick 
and accurate evaluation of student work, enabling 
teachers to focus on analysis and individual work with 
each student. The use of such technologies not only 
improved the speed of assessments but also the quality 
of feedback, motivating students to improve.

Additionally, many universities in China actively 
implemented AI in the development of curricula and 
monitoring student progress. Instructors had access 
to analytics that allowed them to predict student out-
comes based on big data. This tool helped optimise 
curricula by focusing on the most problematic topics, 
aiding students in learning more effectively. Govern-
ment initiatives to create digital infrastructure were 
also crucial for AI implementation in education. The 
government provided funding for the development of 
intelligent platforms and teacher training. In collabo-
ration with private companies, conditions were created 
for the implementation of these technologies in public 
schools and universities. This ensured equal access to 
innovative learning resources for students, even those 
in remote areas.

In addition, many universities in China have active-
ly implemented artificial intelligence in curriculum 
development and student performance monitoring. 
Teachers were provided with analytical tools that 
allowed them to predict student learning outcomes 
based on big data, which helped optimise curricula by 
identifying topics that students had difficulties with. 
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Government initiatives promoted the development 
of digital infrastructure, including funding for smart 
platforms and teacher training. In collaboration with 
private companies, conditions were created for the im-
plementation of these technologies in public schools 
and universities, providing broader access to innova-
tive educational resources, especially for students in 
remote areas. Training both teachers and students was 
important for the effectiveness of these efforts, as it fa-
cilitated adaptation to new technologies and learning 
tools. In addition, online platforms and virtual class-
rooms helped ensure that students in remote areas had 
access to quality education, thereby facilitating learn-
ing regardless of geographical barriers. The joint ef-
forts of the government, educational institutions, and 
technology companies played a significant role in ex-
panding the use of artificial intelligence in education.

Discussion
The results of this study suggest that students in the ex-
perimental group, who used AI tools, tended to exhib-
it a higher level of engagement and motivation in the 
learning process compared to the control group. This 
aligns with the findings of Chai et al.,47 who, based on 
the Theory of Planned Behaviour and Self-Determina-
tion Theory, concluded that the use of AI in education 
positively influences students’ behavioural intentions 
to learn new technologies, including AI, fostering their 
greater interest and readiness to learn. 

However, it is important to consider these results 
in the context of equality and inclusiveness. All par-
ticipants were third-year students in the Faculty of 
Information Technology, aged 18–21, who formed a 
relatively homogeneous group in terms of academic 
background and discipline. Despite this homogene-
ity, differences in individual preparation and access 
to digital resources were identified. Some students 
encountered difficulties in setting up AI environments 
and understanding theoretical concepts, while others 
adapted more quickly. These differences suggest that 
even within a single group, prior experience with digital 
tools and individual learning conditions can influence 
the effectiveness of AI-supported education.

Inclusion and exclusion criteria also affected par-
ticipation equity. Students with academic debt or 
prior participation in similar projects were excluded, 
resulting in a sample that was more likely to succeed 
in their studies. While such control was methodologi-
cally necessary, it also meant that students who could 
have benefited most from adaptive AI support, name-
ly those who had previously performed worse, were 
not represented. This highlights the need to consid-
er how AI-enhanced learning environments can be 
made accessible to a wider range of students.

Research shows that AI tools can provide person-
alised learning experiences, instant feedback, and 
enhanced opportunities for skill development. To dis-
tribute these benefits fairly, educational institutions 
must ensure that all students, regardless of prior 
knowledge, technical experience, or learning histo-
ry, receive preparatory training and ongoing support.  

Introductory modules to strengthen basic programming 
and digital skills, combined with equitable access to 
computing resources and mentoring, can help reduce 
disparities and promote inclusive learning outcomes.

These findings are consistent with broader evidence 
but also show points of divergence. Wu48 demonstrated 
in a meta-analysis that AI interventions substantially 
improve learning outcomes and motivation, particu-
larly through adaptive and personalised approaches, 
although engagement levels varied, whereas the pres-
ent study recorded predominantly positive student 
responses. Similarly, Bond et al.49 found that most 
AI applications in higher education focus on person-
alisation but highlighted gaps in ethical integration 
and methodological rigour, suggesting that long-term 
impacts and contextual factors warrant deeper explo-
ration. Chen and Chang50 likewise confirmed that AI 
enhances learning behaviour and intrinsic motivation 
while reducing cognitive load, aligning with this study’s 
findings, though cognitive load was not explicitly mea-
sured here. These comparisons highlight the need for 
further refinement and broader contextual validation, 
even as the results corroborate existing evidence.

Similarly, in this study, students showed a high level 
of initiative when working with AI tools such as Ten-
sorFlow, PyTorch, and Google Colab. Moreover, the 
results indicated that students in the experimental 
group were more inclined to solve problems and tasks 
independently during projects that involved AI. This 
concurs with the findings of N. Ambarita and M. Nur-
rahmatullah51, who discovered that integrating AI into 
the learning process develops students’ critical think-
ing skills, data analysis abilities, and capacity to find 
innovative solutions. In alignment with this, Wang 
and Song,52 who created a student behaviour profile in 
online education based on AI data, found that AI tech-
nologies help identify trends in student behaviour and 
adjust educational approaches accordingly.

A significant aspect of this study also involved exam-
ining the impact of AI on the development of technical 
skills in students. Survey data showed that partici-
pants in the experimental group noted an improve-
ment in their skills in working with new platforms for 
developing and testing ML models, such as Keras, MAT-
LAB, and Google Colab. These findings align with the 
conclusions of Almasri,53 who, in a systematic review, 
showed that integrating AI into teaching natural scienc-
es contributes to significant growth in practical skills, 
especially in data analytics and AI model building.

Additionally, the results of this study revealed that 
students in the experimental group exhibited greater 
interest in collaborative work during the development 
of joint AI-based projects than students in the con-
trol group. This aligns with the findings of Gibson et 
al.,54 who noted that AI technologies promote the de-
velopment of teamwork and knowledge sharing skills 
through interactive tools and intelligent learning envi-
ronments. Furthermore, this study demonstrated that 
the use of AI contributed to the students’ adaptability 
to new technological challenges. The students in the 
experimental group showed a better ability to quickly 
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learn new software and ML algorithms. This corre-
sponds with the findings of Akgun and Greenhow,55 
who noted that AI integrated into the learning process 
helps students develop flexibility in thinking and tech-
nological literacy. Another key outcome of this study 
was that students in the experimental group highly 
valued the personalised learning opportunities offered 
by AI. According to their responses, the use of adaptive 
systems and ML algorithms allowed them to receive in-
dividual recommendations for improving projects and 
solutions. This is consistent with the conclusions of 
Chen and Lu,56 who found that intelligent systems help 
individualise the learning process, taking into account 
the needs and level of each student.

This study revealed that students perceived AI use as 
being associated with more individualised learning ex-
periences, with adaptive systems linked to tailored rec-
ommendations. This supports the findings of Tabora et 
al.57 and Maamor et al.,58 who showed that AI enhances 
learning effectiveness and self-regulation. AI use also 
shaped students’ habits in interacting with digital plat-
forms and promoted autonomy, consistent with Nguy-
en et al.,59 who observed greater focus on independent 
work and active use of AI for searching and synthesis-
ing material. Moreover, AI was associated with reports 
of higher engagement in physical activity and sports, 
aligning with Y. Liang and Zhou,60 who found a rela-
tionship between AI use and healthy lifestyle monitor-
ing. Similarly, Rohith Reddy et al.61 found AI increased 
engagement and reduced distractions during virtual 
classes. Furthermore, AI fostered digital literacy, con-
sistent with Su et al.,62 who showed that integrating AI 
with augmented reality in STEM disciplines enhanced 
engagement and innovative skills.

The study also revealed AI’s role in developing ac-
ademic competencies, as highlighted by Vieriu and 
Petrea.63 Positive attitudes towards AI strongly influ-
enced intentions to use it in future learning, reflecting 
Valle et al.’s 64 behavioural intention model. However, 
some students reported anxiety due to excessive control, 
echoing Velastegui-Hernandez,65 who noted AI’s mixed 
effects on psychological well-being. Effectiveness varied 
across demographics, including gender, socioeconomic 
status, and prior tech experience. Gender gaps in STEM 
may limit female students’ confidence, though adaptive 
feedback could mitigate disparities.72 Students from 
low-income backgrounds often lacked access to neces-
sary tools, risking wider inequalities, while those with 
prior digital experience adapted faster. Equitable access, 
training, and bias mitigation are crucial.

Despite overall benefits, challenges were noted. 
Some participants faced difficulties mastering com-
plex AI tools and managing large workloads, corrobo-
rating Klimova and Pikhart,66 who linked AI adoption 
with initial stress. Students also stressed the need for 
greater technical support from instructors, consistent 
with Gomathi et al.,67 who emphasised staff training 
and continuous student support. AI use was associ-
ated with students reporting better understanding of 
knowledge application in future careers, aligning with 
Chai et al.68 and Verma et al.69 Additionally, AI systems 

enabled early identification of behavioural issues, in 
line with Lopez-Carreno et al.,70 who showed such sys-
tems reduce motivational decline.

In conclusion, the results of this study suggest a pos-
itive association between AI use and the development 
of both professional and soft skills among students. The 
trend towards the active use of modern IT tools in the 
learning process supports the need for further integra-
tion of AI technologies into educational programmes. 
The data obtained also corroborates the findings of H. 
Villarreal-Torres et al.,71 who argue that AI applications 
enhance learning effectiveness, students’ adaptability 
to digital environments, and the development of skills 
necessary for the labour market.

One limitation of the study was its focus on a single 
speciality and educational institution, which may have 
limited the generalisation of the results. This study 
did not collect pre-intervention baseline scores (e.g., 
course GPA, pretest of AI literacy) or subgroup vari-
ables (gender, socioeconomic status, digital literacy), so 
our comparisons between the control and experimen-
tal groups should be interpreted as associations rather 
than definitive evidence of causal effects. The study 
was conducted within a specific educational setting, 
which might not fully represent the broader student 
population across different academic disciplines or in-
stitutions. Thus, although the results suggest a positive 
association between artificial intelligence tools and 
learning outcomes, their applicability to other educa-
tional contexts may require further verification. The 
study suggests that the observed associations between 
artificial intelligence tools and learning outcomes may 
depend on technological infrastructure, student read-
iness to adopt technology, and the cultural context 
of each educational institution. In technologically ad-
vanced nations, integration is smoother, while countries 
with less infrastructure, like Kyrgyzstan, may need extra 
training and support. Cultural context and student read-
iness for technology adoption also play a role.

To promote inclusive development, future AI-based 
educational initiatives should ensure equitable access to 
digital resources and training. Institutions should provide 
foundational courses in digital literacy and targeted sup-
port for underrepresented or less digitally prepared groups. 
Establishing monitoring systems for access and readiness 
can help identify disparities early and guide interventions 
to foster equality in AI-supported learning environments.

The study found that the integration of artificial 
intelligence tools into IT education was associated with 
higher student performance and greater motivation for in-
dependent learning. Students in the experimental group, 
where AI tools were used, showed significantly higher 
performance across all evaluated aspects, algorithm 
development, modelling, data analysis, and software 
optimisation, than the control group, with an overall av-
erage success rate of 4.6 versus 3.4. AI was particularly 
associated with higher scores in modelling and forecast-
ing (4.8) and data classification and analysis (4.7), sug-
gesting a positive relationship with the development of  
specialised skills. Survey results showed that 74% of 
students gained practical experience applicable to 
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their future careers. While 68% were satisfied with 
the learning materials, 19% noted some areas needing 
clarification. Most students rated their AI proficiency 
as high (71%) or average (21%). TensorFlow was con-
sidered the most useful tool (42%), followed by Py-
Torch (24%), Keras (17%), Google Colab (12%), and 
MATLAB (5%). Main difficulties included mastering 
complex ML libraries (36%) and limited theoretical 
knowledge (31%). Despite this, 78% expressed will-
ingness to use AI tools professionally.
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Supplementary Material 1
Questionnaire for students in the experimental 
group (paper-based survey)
Contains the complete 10-item questionnaire dis-
tributed in paper form by course instructors and lat-
er digitised by the authors. The instrument gathered 
students’ evaluations of AI-based learning tools, per-
ceived skill gains, and suggestions for course improve-
ment. Quantitative items were used for descriptive sta-
tistics, and open-ended items informed the qualitative 
content analysis.
1.	 Please assess your overall learning experience with 

the programme that included the use of artificial in-
telligence tools (TensorFlow, PyTorch, Keras, Goo-
gle Colab, MATLAB):
a)	 very positive;
b)	 positive;
c)	 neutral;
d)	 negative;
e)	 very negative.

2.	 How clear were the materials and tasks related to the 
use of artificial intelligence technologies for you?
a)	 completely clear;
b)	 mostly clear;
c)	 partially clear;
d)	 slightly unclear;
e)	 completely unclear.

3.	 How would you rate your level of skills in working 
with artificial intelligence libraries and platforms 
after completing the course (TensorFlow, PyTorch, 
Google Colab, etc.)?
a)	 very high;
b)	 high;
c)	 average;
d)	 low;
e)	 very low;

4.	 How effective do you think the artificial intelligence 
tools were in helping you solve course tasks (data 
processing, model building, prediction, classifica-
tion, NLP, code optimisation)?
a)	 very effective;
b)	 effective;
c)	 partially effective;
d)	 slightly effective;
e)	 not effective at all;

5.	 What was the most difficult aspect for you when us-
ing artificial intelligence tools?

 (Select one or more answers):
a)	 working with libraries (TensorFlow, PyTorch, 

Keras);
b)	 understanding the theoretical foundations of AI 

and ML;
c)	 setting up environments (Google Colab, MATLAB);
d)	 creating and training neural networks;
e)	 other (please specify).

6.	 How has your attitude towards the application of 
artificial intelligence technologies in programming 
changed after completing the course?
a)	 significantly improved;
b)	 mostly improved;
c)	 no change;
d)	 mostly worsened;
e)	 significantly worsened.

7.	 Did you feel that learning with the use of artificial 
intelligence tools helped you better understand 
real-world tasks in the field of ‘Information Tech-
nology’?
a)	 yes, completely;
b)	 partially;
c)	 no;
d)	 hard to say.

8.	 Which software tools you used in the course (Ten-
sorFlow, PyTorch, Keras, Google Colab, MATLAB) 
were the most useful to you in solving practical 
tasks? (Open-ended response).

9.	 Do you plan to continue using artificial intelligence 
technologies in your professional activities?
a)	 yes;
b)	 maybe;
c)	 no;
d)	 not decided yet.

10.	 Your suggestions or comments regarding the or-
ganisation of the course and the integration of arti-
ficial intelligence tools into the educational process 
(Open-ended response).

Supplementary Material 2
Full scoring rubric for student performance 
assessment
This section describes in detail the criteria used by the 
authors of this article to assess student projects across 
five domains: (1) algorithm development, (2) modelling 
and forecasting, (3) data classification and analysis, (4) 
development of interactive applications, and (5) soft-
ware optimisation and testing. Each criterion is defined 
along a 5-point scale (1 = poor, 2 = satisfactory, 3 = 
good, 4 = very good, 5 = excellent), with detailed per-
formance descriptors and examples of expected student 
outputs. The rubric was adapted from the Information 
Technology and Artificial Intelligence Competency As-
sessment Framework.7 Inter-rater reliability for rubric 
scoring was excellent (ICC = 0.91, 95% CI [0.86-0.94]).

Five authors independently applied the rubric to 
all student projects. Although all evaluators were au-
thors of the study, they were unaware of the students’ 
identities and group assignments. After evaluation, 
discrepancies exceeding one point were discussed 
and resolved jointly. Quantitative results were summa-
rized as means, standard deviations, and percentages. 
Open-ended responses were interpreted using manual 
content analysis conducted independently by the au-
thors. All calculations and summaries were performed 
manually and verified through cross-checking.
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