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Abstract—Modern artificial Intelligence (AI) technologies are
increasingly shaping higher education, particularly in their use
in training computer science students and integrating neural
networks into the learning process. The research aims to
evaluate modern approaches and challenges to teaching neural
networks to computer science students in higher education. This
study employs a quasi-experimental method involving 85 third-

year students enrolled in the Computer Science programs at L.N.

Gumilyov Eurasian National University and Buketov
Karaganda University. The participants were divided into two
groups: an experimental group and a control group. The
experimental group received instruction with an enhanced
curriculum that included modern tools such as TensorFlow,
Keras, OpenCV, and Google Colab. Data were collected through
pre-tests and post-tests, evaluating changes in student

motivation, content comprehension, and technical competencies.

Pearson’s chi-square test was utilized to analyze the data, which
revealed statistically significant improvements in the
experimental group compared to the control group. These
results suggest that integrating updated content and hands-on
technologies into teaching practices enhances students’ skills
and learning outcomes in neural network education. The revised
neural network curriculum had a positive impact on student
learning outcomes. The research emphasizes the importance of
continually updating the curriculum to meet the evolving
demands of modern Al

Keywords—Artificial Intelligence (AI), machine learning,
deep learning, neural networks, computer science education, Al
tools, Python programming

1. INTRODUCTION

Over the past decade, Al has garnered significant attention
from both the scientific community and the general public. In
the field of Al, subfields such as Machine Learning (ML) and
Deep Learning (DL) have been widely studied and discussed
in both technology and non-technology journals [1]. AI, ML,
DL, and Neural Networks (NNs) demonstrate a hierarchical
relationship, where each subsequent field is a subset of the
previous one [2]. However, there is still considerable

confusion regarding the distinctions between DL, ML, and Al

Despite their close associations, these terms are not
interchangeable [3].

ML is a subfield of AI that focuses on developing
algorithms that can learn from data and improve their
performance without explicit programming [4]. Al
encompasses a broader concept, involving the creation of
systems that mimic human cognitive abilities. DL, a subset of
ML, utilizes multilayer NNs to analyze data and extract
complex patterns [5].

Al is currently being utilized in various fields. In particular,
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NNs were initially designed to simulate the structure and
function of the human nervous system by modeling
computational units as artificial neurons. Their main goal is
to facilitate the development of intelligent systems by
replicating cognitive processes through biologically inspired
architectures [6]. In recent years, NNs have garnered
significant scholarly interest due to their ability to emulate the
brain’s pattern recognition capabilities [7]. They have proven
effective in various decision-making domains, including
Natural Language Processing (NLP), computer vision,
speech  recognition, recommendation systems, and
autonomous vehicles [8]. The study of Deep Learning and
Artificial Neural Networks (ANNs) has evolved into a major
subfield within A, with applications extending to healthcare,
law, finance, and scientific research [9].

The integration of Al technologies in higher education has
progressed from a theoretical idea to a practical application.
This shift reflects a global trend where universities are
increasingly adopting Al-driven tools, such as Intelligent
Tutoring Systems (ITS), adaptive learning algorithms, and
Natural Language Processing (NLP) applications. These
technologies aim to enhance instructional delivery and
improve student learning outcomes [10]. They help increase
student engagement and elevate the overall quality of
education. ITS, which are now widely used in university
settings, identify students’ strengths and weaknesses,
providing personalized feedback to support their academic
progress.

This adaptive approach tailors learning content to each
student’s proficiency level. However, a significant gap
persists in the literature and educational practice regarding
effective methods and curriculum models for teaching NNs
in higher education, particularly in developing countries such
as Kazakhstan. While several studies discuss the theoretical
capabilities of neural networks, few have addressed their
pedagogical integration into computer science curricula.

It is necessary to identify effective approaches and key
challenges in updating university curricula for teaching NNs
to computer science students in accordance with modern
requirements.

The research aims to evaluate contemporary approaches
and challenges associated with teaching neural networks in
higher education for computer science students. The
following objectives have been outlined to achieve this aim:

e Explore educational programs for teaching neural

networks and identify ways to improve them;

e Incorporate neural network-related subjects into
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computer science teacher training programs and evaluate
their effectiveness.

Based on these objectives, the study addresses the
following research questions within the context of
Kazakhstan’s higher education system:

o RQ1: What is the significance of neural network training
for computer science students, and which pedagogical
approaches can be used to improve their learning
outcomes?

e RQ2: What challenges may arise in neural network
training for computer science students?

e RQ3: Which subjects and topics related to neural
networks should be included in the computer science
teacher education programs?

e RQ4: How effective is neural network instruction in
developing the theoretical knowledge and technical
competencies of computer science students?

II. LITERATURE REVIEW

A. University Programs

Leading universities around the world have increasingly
incorporated NNs and DL into their curricula. One notable
example is the Massachusetts Institute of Technology (MIT),
which offers an Introduction to Deep Learning [11] course.
This course focuses on DL techniques with applications in
fields such as biology, computer vision, and natural language
processing. Additionally, it introduces students to generative
Al, Large Language Models (LLMs), and the foundational
principles of constructing NNss.

At Stanford University, several courses provide in-depth
training in DL and neural network applications. These include
Machine Learning [12], Deep Learning for Computer
Vision [13], and simply Deep Learning [14]. Through these
courses, students gain proficiency in designing, configuring,
and implementing NNs while exploring contemporary ML
techniques and real-world applications.

The University of Oxford also offers various courses that
explore NNs and DL, such as Deep Neural Networks [15],
Machine Learning [16] and Physics-Informed Neural
Networks [17]. These courses cover both supervised and
unsupervised ML approaches and introduce students to the
fundamental principles of contemporary multilayer NNs.
Additionally, they employ physics-based neural network
methods to tackle complex mathematical problems.

Similarly, the University of California, Berkeley, provides
a range of DL-focused courses, including Introduction to
Machine Learning [18], and Designing, Visualizing, and
Understanding Deep Neural Networks [19]. These courses
cover deep neural network structures, parameter optimization,
generative and adversarial models, and advanced
visualization techniques. They address both theoretical and
applied aspects of ML, including time series analysis,
Bayesian networks, probabilistic models, supervised and
unsupervised learning, and dimensionality reduction.
Students also engage in practical programming assignments
and real-world applications.

A comparative analysis of neural network teaching
practices at leading global institutions and top universities in
Kazakhstan was conducted to evaluate the current state of
neural network education (see Fig. 1).

Leading Kazakhstan universities according to
QS 2025 rankings

Leading universities according to
QS 2025 rankings

Stanford
University, USA

University of
California,
Berkeley, USA

Karaganda Buketov
University,
Kazakhstan

L.N. Gumilyov Eurasian
National University,
Kazakhstan

Massachusetts
Institute of
Technology, USA

University of
Oxford, UK

Fig. 1. Leading universities according to the QS 2025 rankings.

B. Implementation Challenges

In Kazakhstan, the Ministry of Science and Higher
Education, in collaboration with Google, has introduced a
new course titled “Generative AI” [20]. Initially piloted at 14
universities, this course will become a mandatory part of
students’ academic programs, underscoring the importance of
foundational Al education at the university level. While
institutions such as L. N. Gumilyov Eurasian National
University and Karaganda Buketov University have
introduced Al-related courses, specific coverage of NN topics
remained relatively underdeveloped.

A curriculum review up to 2024 at L. N. Gumilyov
Eurasian National University, Karaganda Buketov University,
and several other institutions revealed the absence of
dedicated neural network topics within their computer
science programs. In response to this gap, and driven by the
results of this study, neural network topics have been
incorporated into the machine learning courses at these
universities starting from 2025.

Given rapid global advancements in neural network
technologies, there remains a critical need for comprehensive
curricula emphasizing both theoretical foundations and
practical applications. To effectively understand and apply
neural network concepts, computer science students must
possess competencies in algorithmic thinking, programming,
systems architecture, linear algebra, calculus, probability,
statistics, and foundational machine learning.

Similar to findings in other countries, challenges related to
limited infrastructure and inadequate teacher training
continue to hinder the effective integration of advanced Al
topics in educational institutions [21].

C. Pedagogical Resources

Recent literature highlights both pedagogical and
institutional challenges in implementing neural network
education within higher education systems. For instance, a
large-scale study involving 1,664 teachers revealed a
substantial gap in Al-related content and technological
knowledge among educators [22]. The findings confirmed
that insufficient Technological Pedagogical Content
Knowledge (TPACK) and a lack of training directly hinder
effective Al instruction in educational settings.

In addition to these insights, a recent study emphasized that
successfully  introducing Al  education—particularly
regarding NNs—requires alignment between secondary and
tertiary education [23]. This study outlines methodological
challenges in structuring Al-related curricula and emphasizes
the importance of establishing clear educational goals and
scalable frameworks across educational levels.

Furthermore, Project-Based Learning (PBL) has been
identified as a powerful strategy for improving classroom
engagement and student motivation. Hugerat [24]
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demonstrated that PBL approaches in science education
positively impacted the learning environment and student
attitudes. Similarly, Darayseh and Mersin [25] emphasized
the importance of teacher preparedness and mindset when
integrating emerging technologies such as generative Al into
STEM education. These studies underscore the need for well-
structured, context-sensitive teaching strategies that align
with both technological advancement and learner needs.

The fundamental concepts of NNs are clearly by
Gurney [26], which does not rely on complex mathematical
formalism. Similarly, Kubat [27] covers the essential
concepts of ML and introduces key tools such as decision
trees, NNs, Bayesian classifiers, linear and polynomial
classifiers, as well as reinforcement learning techniques. Both
of these books are crucial for the learning process, as they
provide comprehensive and accessible coverage of
fundamental concepts in NNs and ML.

D. Technological Tools

Numerous studies have investigated the use of Software
tools and digital research equipment to support the
application of NNs in educational settings. Haykin [28]
covers essential topics such as artificial neurons, network
behavior in pattern recognition, gradient descent techniques,
associative memory, self-organization, and adaptive
resonance theory, along with their scientific and commercial
applications. Additionally, Chollet [29] provides an
accessible yet rigorous overview of the core principles,
historical development, practical applications, and future
potential of AL, ML, and DL.

Jovanovi¢ et al. [30] presents a Java-based platform
designed to facilitate the teaching of NNs. This platform
features an intuitive user interface that enhances research and
learning activities while also allowing for future expansion.
Students can design and train NNs of various architectures
and visualize fundamental concepts such as definitions,
topologies, and training methods.

In addition to dedicated software platforms, project-based
learning approaches that incorporate emerging technologies
have also shown strong potential in enhancing students’
technical competencies. For example, Tsai [31] demonstrated
that hands-on Internet of Things (IoT) projects using devices
like the micro:bit significantly improved preservice
elementary teachers’ understanding of complex systems and
their confidence in using Al-related tools. This supports the
notion that combining theoretical instruction with real-world
applications can foster deeper engagement and skill
acquisition in neural network education.

Several studies have explored the application of NNs and
related software in educational contexts. For example, one
study identified key factors influencing the adoption of Al-
based chatbots in higher education institutions by using a
hybrid PLS-SEM and neural network modeling approach,
adapting the UTAUT2 model as the theoretical
framework [32].

The research on hardware used for NNs is detailed by
Badrani et al. [33] which explores how NNs can enhance
educational ~ processes  through  various  hardware
implementations. Abiodun et al. [34] placed this technology
within a broader context, showcasing its diverse applications
across multiple fields. It emphasizes that successful

implementation of these technologies in education relies
heavily on the availability of adequate computing resources.
In a broader context, Abiodun et al. [34] highlights the wide
applicability of NNs across various fields and emphasizes
that their effective implementation in education depends on
computational resources.

Several studies have been conducted in Kazakhstan to
study the integration of software and hardware in teaching
NNs. In Kazakhstan, recent initiatives have focused on
utilizing high-performance parallel computing resources,
such as the Param Bilim supercomputer at L. N. Gumilyov
Eurasian National University [35]. These efforts aim to
enhance neural network training and enable large-scale data
processing in higher education institutions. The upgraded
ParamBilim-2 supercomputer now features a GPU and has a
peak performance of 1 petaflop. However, despite global
advancements in this area, previous research indicates that
there is a pressing need for systematic competency-based
training for computer science teachers in Kazakhstan [36].

Following these recommendations, the findings suggest
that incorporating practical assignments and interactive
teaching methods into neural network education can be
highly effective. These insights could contribute to revising
and improving Computer Science students’ training programs
at Kazakhstani universities. Nonetheless, the integration of
neural network training in Kazakhstan still faces both
infrastructural and pedagogical challenges. This underscores
the necessity for curriculum-aligned and context-sensitive
teaching models at local universities.

III. MATERIALS AND METHODS

The study utilized a mixed-methods approach, integrating
theoretical, empirical, and statistical techniques. The
theoretical phase involved a review and analysis of relevant
scientific and methodological literature pertaining to NNs and
ML education. The empirical component included classroom
observations, surveys conducted among students, and the
implementation of a pedagogical quasi-experiment to
evaluate the effectiveness of the updated curriculum. To
analyze the collected data both quantitatively and
qualitatively, mathematical statistics methods, particularly
Pearson’s chi-square test, were employed, along with
graphical representations of the results.

To facilitate the integration of NNs into the higher
education curriculum, a specialized pedagogical model was
designed and implemented as part of this study. This model
aimed to improve the teaching of NNs to computer science
students by incorporating current content, tools, and
assessment strategies. It was developed in response to
contemporary instructional needs and tested through quasi-
experimental research in two universities. Before
implementation, participating instructors attended training
sessions on Python-based tools and Ad lib to ensure effective
course delivery. The model included components such as
curriculum content, system development technologies, and
organizational practices to support learning outcomes (see
Fig. 2).

Compared to the VLEEDP model [37], which emphasizes
enhancing creative thinking through the engineering design
process in a virtual learning environment, our proposed
model focuses specifically on teaching NNs in higher
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education. It combines theoretical content, practical
assignments, and modern Al tools to improve students’
motivation, technical readiness, and mastery of the subject.

The research aims to evaluate modern approaches and challenges
to teaching neural networks to computer science students in
higher education.

Implementation
support

System development
technology

At L.N. Gumilyov ENU,
the discipline of
"Fundamentals of
Machine Learning"” has
been supplemented.
At Karaganda Buketov
University, the
discipline
"Fundamentals of
Machine Learning” has
been introduced. etc.).

- Implementation of practical
tasks on Spyder cloud
platforms (Python, Anaconda)
and Google Colab;

-Using TensorFlow, PyTorch
and Keras frameworks;

- Implementation of applied Al
projects (image classification,
natural language processing,

Assessing
motivational, content]|
and technical
knowledge
components in
control and
experimental groups
using defining and
formative tests.

Motivational
Component:
Enhancing learning
motivation through Al
tools and interactive

latforms

Content Component:
Mastering the content of
the "Fundamentals of ML"
course and developing
practical skills

Technical Component:
Developing practical
competencies using tools
such as Google Colab and
Anaconda

Teaching Methods:
Practice-oriented, visual-illustrative,
project-based, blended (hybrid)
format

Research Methods:
Empirical methods
Theoretical analysis

Practical teac
Learn

g methods and digital tools used in the “Fundamentals of Ma
urse enhanced students’ motivation, technical readiness, and subject
mastery.

Fig. 2. The pedagogical model for teaching neural networks to computer
science students in higher education.

While the model of Guzman-Ramirez et al. [38] focused
on teaching neural network design through simulations, our
model offers a broader educational framework. It integrates
theoretical concepts, hands-on activities, and widely-used Al
tools, ultimately enhancing students’ motivation and
technical skills in higher education.

A. Implementation Support Part

A comparative analysis of syllabi from leading global
institutions alongside the existing curriculum at L. N.
Gumilyov Eurasian National University and Karaganda
Buketov University led to a revision of the course
“Fundamentals of Machine Learning” to better align with
international best practices.

This update involved a thorough examination of course
structures, recommended textbooks, and content from top
universities, as well as insights from recent scholarly
publications.

1) Curriculum design

As a result, several new topics were introduced,
emphasizing DL, neural network architectures, and practical
applications using modern tools. The revised course content
is detailed in Table 1.

In the “Fundamentals of Machine Learning” course for the
Computer Science program, Python was chosen as the most
suitable programming language due to its extensive
ecosystem of libraries and tools commonly used in ML. Two
programming environments were utilized: Google Colab, a
cloud-based platform that allows for the execution of
computationally intensive tasks without the need for local
installation, and Spyder, a desktop-based Integrated
Development Environment (IDE) that offers advanced

debugging and editing features. These platforms were
selected because of their user-friendliness and effectiveness
in facilitating both instructional delivery and hands-on
experimentation.

Table 1. A list of lectures and practical lessons of the course “Fundamentals

of Machine Learning”

Types and methods

No Lectures and practical topics of teaching
AP . Explanation—
1 ML—artificial intelligence illustrative method
Explanation—
2 Types of ML problems illustrative method
Basic ML methods. Bayesian .
. . . Explanation—
3 classification. Bayesian formula. Pattern . .
e illustrative method
recognition.
Blended learning—
4 Basic ML methods. Supervised learning.  method of explanatory
Classification. Regression. and programmatic
(computer) learning.
5 Basic ML methods. Unsupervised learning. Explanation—
Clustering. Dimension reduction. illustrative method
ML and tensor processor TPU. Tensor .
. Explanation—
6 processor TPU. Overview of popular ilustrative method
libraries: TensorFlow, PyTorch, Keras. ustrative metho
7 Basic methods of ML. NNs. Neuron Programmatic
transfer functions. Neuron classification. (computer) learning
ML and DL. NNs. Trends and future of Explanation—
8 NNs. Fundamentals of building NNs. | bxpa
illustrative method
Inputs and outputs of a neuron.
ML and DL. NNs. Fundamentals of Blended learning—
9 building multidimensional NNs. Reducing method of explanatory
losses in NNs. Methods. Differentiating a and programmatic
complex function in calculations. (computer) learning.
Basic methods of ML. Application of NNs
10 in real problems. Examples of successful Explanation—
projects: Alpha Go, DALE, GPT-3. Ethical illustrative method
and social aspects of the use of NNs.
ML and big data. Methods of using ML
1 algorithms in processing big data. Big data Programmatic
analysis, analytics, Data Mining, and (computer) learning
features of ML.
ML and proctoring system. Steps of human
12 face recognition and methods of building Programmatic
artificial NNs. OpenCV cascaded Haar (computer) learning
classifier. Mediapipe face recognition.
Algorithm for predicting human emotions.
An algorithm for detecting human Programmatic
13 : - . .
emotions using the Face Emotion (computer) learning
Recognizer library in Google Colab.
ML and preprocessing system. OpenCV Explanation—
14 . . .
library. illustrative method
Explanation—

15 Quantum computers and ML methods. ilustrative method

2) Theory

Throughout the semester, students studied five core topics
related to NNs. They learned that ML is a crucial subfield of
Al and explored its mathematical foundations along with
related disciplines. The topics covered included Bayesian
classification, supervised and unsupervised learning methods,
regression, clustering, and essential ML techniques.
Additionally, students engaged with widely-used libraries
and frameworks such as Tensor Processing Units (TPUs),
TensorFlow, PyTorch, and Keras, which are instrumental in
developing modern Al applications. As a result, the students
gained a solid understanding of techniques to enhance ML
models and visualize the learning process.

In the neural network modules, students explored the
fundamental structures and operational principles of ANNs.
They developed proficiency in activation functions, neuron
classification, and techniques for minimizing loss functions.
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The course also covered the theoretical foundations of
constructing NNs, training multidimensional networks, and
applying stochastic gradient descent.

3) Practice

Students analyzed practical examples, including real-world
projects like AlphaGo, DALL-E, and GPT-3, to illustrate
advanced implementations. Additionally, the curriculum
included topics such as big data processing, ML algorithms
used in proctoring systems, emotion recognition, and object
detection with OpenCV. Emerging areas like Quantum
Machine Learning (QML) were also discussed to familiarize
students with cutting-edge applications of ML. This approach
helped them understand various Al use cases and encouraged
critical thinking about the ethical, technical, and social
implications of technology.

a4 Security.org X -

C 2 security.orgkz/quizzes/courses/ Q 3

AKNapaTTblK YaT-60T Kypc kypy Mpodune  Weiry

., Heriari Kypctap  MeHiH KypcTapbim

Kipy ywin GomeTpusHb! KonAata anacsia. Bactay.

Kypctap

KomnbioTeprik kepy.

AsTop: Cepik M., Kapwnxah H.

Python TiniHAe MalwnHanbIk OKbITy GoMblHLIA NpaKTUKaNbIK,
XXyYMbICTap opblHAayAa KongaHblnaTblH NporpaMmManblk
Kypanaap

AgTopui: Cepik M., Kapunxat H.

e,
learning ™

MamHHaTEIK OKBITY

This comprehensive curriculum enables students to grasp
both the theoretical concepts and practical applications of ML
and NNs. An educational portal titled “Courses for the
Training of Future Computer Science Teachers: Machine
Learning, Network Technologies, and Information
Security” [39] (see Fig. 3) features specialized modules, such
as “Computer Vision” and “Software Tools for Practical
Work in Machine Learning with Python”. The portal provides
registered users with access to course content, allowing them
to review lecture materials, complete assignments, and
engage in additional tasks at their own pace. This digital
platform encourages independent learning and reinforces the
skills acquired during in-person instruction. The course
platform can be accessed at https://security.org.kz/. Users
must register to access the course materials.

Kipy yuit GnomeTpubl Kongana anacei. Bactay.

KoMnbtoTepnik Kepy.
ABTOp: Cepik M., KapnnxaH H

1. HbicaHAapAbl TaHy. BusieoaHanuTKa Moaynbaepi.
1. BugeoananuTAKa MORYTAEPI Kipicre.

2. Domination BuAeoaHaUTKa MORYACPL

3. Binim Gepy i biH

Kewengep.

2. beT-anneTTi TaHy. Teopusinblk, HerizaepiHe Kipicne.
1. BeT-anneTTi Tany Typanbi

2. BeT-aneTTi TaHy TEXHOOTMACHIHEIK XY3ere aCbipEInybI

3. BeT-0nNeTT TaHy Typank apTYpNI aknapaTTap.

3. beT-aNneTTi aHbIKTay XaHe TaHy. DLib kiTanxaHachbl

1. DLib kiTanxawacsi. Kipicne.

2. BeT-3NNeTTiH KECKIHIN, Ko3, MyPbIH, aybl3 XaHe T.6. CHAKTSI

epeKwenikTepiK any yLiH KeCKHAEPMEH XyMbIC iCTey, BoToCypeTTepAeri

afamaapab Genrineyae <KonMeH» HeMece MaLIMHANbIK OKbITYAbI NARAANAHY, CYPeTTepAl XaKCapTy, GeT-nnerTi Tangay.
3.0Lib apkpinbl Get-annet

Fig. 3. Information and educational portal “Courses for the Training of Future Computer Science Teachers: Machine Learning, Network Technologies, and
Information Security” [39].

B. System Development Technology

Recent advancements in information technology have
significantly enhanced the development of face recognition
systems. These algorithms are now widely employed across
various fields, including security, healthcare diagnostics, and
education. This study incorporates practical assignments
completed by students using the DLib library for face
recognition tasks.

During the practical sessions, students gained hands-on
experience using Spyder and the DLib library to implement
face detection and recognition algorithms. The tasks involved
facial detection, feature extraction, and identity matching
between facial images, as illustrated in Fig. 4.

The program utilizes two pre-trained models-
shape predictor 68 face landmarks.dat and
dlib_face recognition _resnet model v1.dat—which are

essential for detecting facial landmarks and extracting
numerical feature descriptors. When a facial image (e.g.,
nur.jpeg) is uploaded, the face is detected, and its descriptors
are generated. This process is repeated for a second image
(e.g., nur_foto.jpeg or docl.jpg).

After obtaining the descriptors for both images, the
Euclidean distance between them is calculated. If the distance
is less than 0.6, the images are considered to belong to the
same individual; if the distance is greater than 0.6, they are
regarded as representing different individuals. The DLib face

recognition model employs a ResNet-34-based CNN to
extract 128-dimensional face descriptors. A threshold of 0.6
for Euclidean distance is commonly used for identity
verification, as supported by previous validation studies [40].

dlib |
skimage import i

recognition_model vi('dLib J
frontal face_detector()

ght: {} Bott
d.botton()))

} Format(

e
overlay()

wint.add_overlay(d)

winl.add_overlay(shape)
ptorl = facerec.compute_face_descriptor(img, shape)

{} B
_right(), d.bottom()))

_overlay(shape)

riptor2 = facerec.compute_face_descriptor(img, shape)
a = distance.euclidean(face_descriptorl, face descriptor2)
print(a)

Fig. 4. Code for face recognition using the DLib library.

As part of the experiment, students analyzed the
performance of a face recognition algorithm and interpreted
its results. For instance, a Euclidean distance of 0.383
between two images of the same individual confirmed that
they matched, while a distance of 0.7942 between images of
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two different individuals demonstrated the algorithm’s ability
to distinguish between them (see Fig. 5). These outcomes
illustrate the practical application of ML techniques in facial
recognition.

Fig. 5. Face recognition comparison based on image similarity.

Through this process, students explored real-world
applications of Al and computer vision, developed practical
skills, and gained the ability to evaluate algorithm
performance and understand how facial recognition systems
operate in practical contexts. Their competencies were
assessed through practical assignments involving facial
recognition tasks using the DLib library, where they
implemented identity matching, measured Euclidean
distances, and interpreted outcomes based on established
accuracy thresholds (e.g., the 0.6 distance rule). Evaluation
rubrics were used to assess their technical proficiency,
including successful script execution, result interpretation,
and model optimization. Having completed the
implementation phase, the next step was to evaluate the
model’s effectiveness through a structured experimental
design.

C. Organization

In teaching the discipline “Fundamentals of Machine
Learning”, we used Bloom’s taxonomy to establish clear
learning objectives and ensure cognitive progress. Bloom’s
taxonomy outlines six main categories—knowledge,
understanding, application, analysis, synthesis, and
evaluation—arranged from simple to complex. This structure
supports the gradual development of students’ critical and
analytical skills [41].

A quasi-experimental design was employed to evaluate the
effectiveness of the updated curriculum. Participants were
assigned nonrandomly to either an experimental group or a
control group based on their existing enrollment, which
ensured ecological validity. Both groups were taught by the
same instructor over a 15-week semester using standardized
materials.

The study involved 85 third-year Informatics students from
L.N. Gumilyov Eurasian National University and Karaganda
Buketov University. The experimental group, comprising 42

students, participated in a course on the Fundamentals of
Machine Learning, based on an updated curriculum. In
contrast, the control group, which included 43 students,
followed a traditional program.

Table 2. Data from the participants of the experiment

. . Experimental  Control Number of
University Name ..
group group participants
L.N. Gumilyov ENU 22 23 45
Karaganda BU 20 20 40
Total 42 43 85

To maintain appropriate group sizes and ensure ecological
validity, the study adhered to typical academic group sizes in
Kazakhstan, which range from 10 to 25 students. The
experimental group consisted of 22 students from one
university and 20 from the other. Meanwhile, the control
group comprised 23 students from one university and 20 from
the other (see Table 2).

The experimental group of students reported significant
improvements in their spatial reasoning skills, as well as a
deeper understanding of NNs and ML.

D. Summative Phase of the Experiment

The Pearson chi-square (y?) test was selected to examine
the research hypotheses because the study included more than
30 participants. This test is particularly suitable for
identifying statistically significant associations between the
three evaluation components—motivational, content, and
technical—and the three performance levels: high, medium,
and low.

In the final stage of the experiment, the course was tested
with students, and its effectiveness was evaluated through
statistical analysis of data from both the experimental and
control groups. During this phase, a structured knowledge-
based test was administered at the beginning and at the end of
the course to assess its effectiveness. The test items were
categorized into three main evaluation categories:
motivational, content, and technical components, as detailed
in Table 3. Each category consisted of four questions and was
designed for both diagnostic and formative assessment
purposes.

To verify the research hypotheses, Pearson’s chi-square ()?)
test was employed as the primary analysis method. This test
was chosen because the study involved more than 30
participants and aimed to examine statistically significant
associations across the three evaluation criteria (motivational,
content-related, and technical) and three performance levels
(high, medium, and low) in line with the research hypothesis.
The results indicated a positive impact of the updated course
on students’ theoretical and technical competencies.

Table 3. Test item categories for evaluating knowledge components (motivational, content, technical) via defining and formative assessment

Motivation component

Content component

Technical component

Determining the interest of future teachers
in NNs and AI technologies. Examining
neural networks’ effectiveness in the
educational process

Assessing the level of understanding and
mastering the basic concepts of NNs and
ML theoretical and practical materials using
interactive methods

Assessing the level of preparation for working with hardware
and software for training and developing neural networks.
Determining the qualification in working with tools such as
Google Colab, TensorFlow, Keras, and OpenCV

1. What was the reason for studying neural
networks?

2. What motivates you to
studying neural networks?

3. How are you planning to use knowledge
of neural networks in the future?

4. What was the most interesting part of
studying neural networks?

continue

1. What kind of neural networks are you
familiar with?

2. What kind of problems are best solved
by neural networks?

3. What kind of neural network teaching
methods are you familiar with?

4. What are the possible challenges in
studying neural networks?

1. What platform do you use to train neural networks?

2.  What programming language do you use to train neural
networks?

3. Which libraries do you think are the most convenient for
developing neural networks?

4. How confident are you in your neural network
programming skills?
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IV. RESULTS

The study assessed the impact of the revised curriculum by
analyzing three core components: motivation, content
comprehension, and technical proficiency. Each component
was measured using four targeted questionnaire items.
Students’ responses were categorized into three performance
levels: low (0—49), medium (50—84), and high (85-100). The
analysis included both observed (empirical) and expected
(theoretical) frequency distributions, accompanied by a
comparative summary table. This method allowed for a
comprehensive evaluation of how instructional changes
influenced students’ engagement with NNs, mastery of ML
concepts, and readiness to utilize advanced Al tools such as
Google Colab, TensorFlow, Keras, and OpenCV.

To evaluate motivation levels, frequency distributions
were calculated separately for the control and experimental
groups.

At the low motivation level, the control group had 14 out
of 43 students (approximately 32.6%), while the expected
theoretical count was only 8.6. In contrast, the experimental
group had just 3 students (7.1%) in this category, significantly
lower than the expected 8.4. This suggests that the revised
instructional approach contributed to a notable decrease in the
number of students with low motivation.

For the medium motivation level, both groups closely
matched the theoretical projections. The control group
recorded 25 students (compared to an expected 26.31), while
the experimental group had 24 students (expected = 25.69),
indicating that most participants fell into the moderate
motivational category.

However, the high motivation level revealed significant
differences. Only 4 students (9.3%) in the control group
achieved this level, falling short of the expected value of 8.09.
In contrast, the experimental group recorded 12 students
(28.6%) achieving high motivation, surpassing the expected
7.91. These results highlight a positive shift in motivation for
students exposed to the revised curriculum, particularly in
fostering higher engagement.

In result, the comparative analysis between actual and
theoretical ~ distributions demonstrates a statistically
significant improvement in motivation among students in the
experimental group. The use of modern instructional
strategies and Al-integrated tools played a crucial role in
reducing low motivation and encouraging higher levels of
engagement.

A detailed comparison of empirical and theoretical
frequencies is presented in Table 4.

Table 4. Motivation component summary

Groups Levels Empirical Theory (E—T,)?/T,,
Students in Low level 14 8.60 3.39
control Medium level 25 26.31 0.06
group High level 4 8.09 2.07
Students in Low level 3 8.40 347
the Medium level 27 25.69 0.07
experimental o jevel 12 7.91 212
group
Total (X%/Iativatian ) 11.18
component

The second category, content mastery, was evaluated using
a three-level scoring scale: low (0—49), medium (50-84), and
high (85-100). Frequency distributions were calculated for

both empirical observations and theoretical expectations.

At the low content level, the control group recorded 16 out
of 43 students (approximately 37.2%), which is significantly
higher than the expected value of 9.11. In contrast, the
experimental group had only 2 students (approximately 4.8%)
in this category, which is well below the expected frequency
of 8.89. These results suggest that the revised curriculum has
substantially reduced the number of students demonstrating
weak understanding of the course content.

At the medium level, both groups exhibited patterns
similar to the theoretical expectations. The control group
included 24 students (expected = 26.81), while the
experimental group had 29 students (expected = 26.19),
indicating a stable performance range for the majority of
learners.

At the high content mastery level, clear differences
emerged. In the control group, only 3 students (approximately
7.0%) achieved high-level performance, whereas the
expected number was 7.08. On the other hand, the
experimental group had 11 students (approximately 26.2%)
reaching the high level, surpassing the expected frequency of
6.92. This result demonstrates the effectiveness of integrating
practical tools and updated content delivery to enhance
students’ comprehension of ML topics.

Overall, the analysis confirms that the revised instructional
model resulted in a significant improvement in content
mastery. Fewer students remained at the low level, while
more advanced learners achieved high performance. These
differences are further detailed in Table 5.

Table 5. Content component summary

Groups Levels Empirical Theory (E—T,)?%/T,,
Students in qu level 16 9.11 5.22
control group Meqlum level 24 26.81 0.29
High level 3 7.08 2.35
Students in the __ Low level 2 8.89 5.34
experimental _Medium level 29 26.19 0.30
group High level 11 6.92 241
Total (¢*content ) 15.92
component

The third component assessed was technical readiness,
utilizing a scoring scale of low (0—49), medium (50—84), and
high (85-100). The analysis compared observed (empirical)
frequencies with expected (theoretical) values for both the
control and experimental groups.

At the low level of technical skills, there was a sharp
contrast between the groups. In the control group, 15 out of
43 students (approximately 34.9%) demonstrated low
technical readiness, significantly exceeding the theoretical
expectation of 8.09. In contrast, only 1 student
(approximately 2.4%) in the experimental group fell into this
category, which was well below the expected frequency of
7.91. This finding suggests that the implemented instructional
strategies effectively addressed technical weaknesses.

For the medium level of technical readiness, the
distribution of students aligned closely with theoretical
estimates. The control group had 26 students in this category
(expected = 28.84), while the experimental group had 31
students (expected = 28.16). This consistency shows that the
majority of students in both groups possessed moderate
technical proficiency.

More notably, at the high technical readiness level, the

2776



International Journal of Information and Education Technology, Vol. 15, No. 12, 2025

experimental group outperformed the control group. In the
control group, only 2 students (approximately 4.7%) achieved

high proficiency, which was below the expected value of 6.07.

Meanwhile, 10 students (approximately 23.8%) in the
experimental group reached this level, surpassing the
expected count of 5.93. These results emphasize the positive
impact of using platforms such as Google Colab, along with
tools like TensorFlow and OpenCV, in enhancing students’
technical competencies.

In result, the analysis of the technical component
highlights a clear improvement in students’ practical skills
and readiness to work with Al tools as a result of the revised
curriculum. A detailed breakdown of these findings is
provided in Table 6.

Table 6. Technical component summary

Groups Levels Empirical Theory (E—T.)?/T,,
Students in Loyv level 15 8.09 5.89
control group Me(.hum level 26 28.84 0.28
High level 2 6.07 2.73
Students in the _ Low level 1 791 6.03
experimental Medium level 31 28.16 0.29
group High level 10 5.93 2.79
Total (X Fechnicar ) 18.01
component

To compare the outcomes between the control and
experimental groups, we used a non-parametric Pearson’s
chi-squared (y?) test [42]. The null hypothesis (Ho) posited
that there is no statistically significant association between
the independent and dependent variables. In contrast, the
alternative hypothesis (Hi) suggested the existence of a
significant relationship.

The chi-square statistic was calculated using the

appropriate formula:

Y|(Fe—Fb)?
y = M| (1
In this analysis, Fe represents the relative frequency for the
experimental group, while Fb denotes the relative frequency
for the control group. The degrees of freedom were calculated
using the formula: df = (R — 1) x (C — 1), where R indicates
the number of rows and C represents the number of columns.
In this instance, with 3 rows and 3 columns, the degrees of
freedom equal 4. At a significance level of 0.05, the critical
chi-square value (y°:;) is 9.49. The calculated chi-square
values for each component are as follows.

=11.18>9.49

2
XMotivation component

Xgontent component = 15.92>9.49

=18.01 >9.49

2
XTechnical component

According to the decision rule, the null hypothesis (Ho) is
rejected in favor of the alternative hypothesis (Hi) if the
calculated value of y? for any component exceeds the critical
value (y* > ye). In this study, all three calculated y? values
surpassed the threshold, leading to the rejection of Ho for each
component. In this study, all three calculated y? values
surpassed the threshold, leading to the rejection of Ho for each
component [43].

This indicates that the differences between the control and
experimental groups regarding student motivation, content
comprehension, and technical readiness are statistically
significant, thereby validating the effectiveness of the revised
instructional model.

The test was administered using Google Forms, and the
results are summarized in Table 7 and illustrated in Fig. 6.

Table 7. Results of the experiment

Factors and Indicators Influencing Learners’

Low level

Medium level High level

Motivation to Understand Neural Networks in control
Computer Science Education group (%)

experimental
group (%)

control
group (%)

control
group (%)

experimental
group (%)

experimental
group (%)

Motivation component 32.6
Content component 37.2
Technical component 34.9

7.1 58.1 64.3 9.3 28.6
4.8 55.8 69.0 7.0 26.2
2.4 60.5 73.8 4.7 23.8

80.0
738

69.
70.0 90

60.0 Sl o7
50.0

40.0 372
32,6

34.9

30.0
20.0

10.0 74

. 24

643
0.0 L - L

% %
control group experimental
group

Low level ‘

control group experimental control group experimental
group group

Medium level

High level

= Motivation component ™ Content component Technical component

Fig. 6. Results of the experiment.

V. DISCUSSION

These findings suggest that the proposed instructional
approach for teaching ML and NNs may be effective. By
comparing control and experimental groups, the study
assessed three core aspects of student development:

motivation, content technical
proficiency.

A key outcome was the enhanced motivation observed in
the experimental group, where 28.6% of students exhibited
high levels of motivation compared to only 9.3% in the
control group. This result underscores the positive impact of
integrating interactive teaching methods and real-world
problem-solving scenarios in neural network education.

In terms of academic content, students exposed to the
updated curriculum demonstrated a considerably better
understanding of neural network concepts. Specifically, 26.2%
of students in the experimental group achieved a high level of
content component, compared to only 7.0% in the control
group. These findings align with prior research indicating that
engaging with advanced Al technologies and real-world
examples can improve students’ theoretical understanding
and their capacity to contextualize complex concepts in Al

The analysis of technical skills revealed significant
improvement among students in the experimental group, with
23.8% performing well in practical tasks. In contrast, only 4.7%
of students in the control group achieved similar results. This

comprehension, and
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improvement aligns with the principles of constructivist
learning theory, which states that active engagement and
immediate  feedback  enhance  deeper  conceptual
understanding and skill retention. The observed gains also
reflect the concepts of self-determination theory, highlighting
autonomy, competence, and relatedness as essential factors
that drive intrinsic motivation.

While the results are encouraging, they should be
interpreted with caution due to the study’s limited scope and
duration. Nonetheless, these findings highlight the necessity
for continuous modernization of academic curricula. Many
leading global institutions have already integrated deep
learning into their computer science programs, establishing a
benchmark for contemporary Al education. In this context,
higher education institutions in Kazakhstan are urged to adopt
similar innovations, taking into account local educational
contexts and infrastructure to ensure both global relevance
and contextual effectiveness. Some earlier studies have raised
concerns about the scalability and long-term effectiveness of
technology-driven approaches in low-resource settings,
highlighting issues related to implementation fidelity and
instructor preparedness [21]. The observed improvements
can be attributed to integrating collaborative, problem-based
tasks that enhance active engagement and increase intrinsic
motivation among students.

These findings suggest that the use of interactive,
technology-enhanced instructional approaches provides
significant pedagogical advantages in neural network
education. Collaborative projects, Al-based tools, and digital
platforms contribute to improved academic outcomes. The
successful implementation of Intelligent Tutoring Systems
(ITS) in the future will require further investigation into
adaptive instructional strategies tailored to individual
learning profiles. These findings support earlier studies
suggesting that project-based learning enhances student
motivation and fosters a deeper understanding of complex
topics [24], particularly in programming and Internet of
Things (IoT) [31] contexts.

While the results are promising, several limitations should
be considered to better understand the findings. First, the
quasi-experimental design utilized pre-existing groups
without random assignment, which may compromise internal
validity and limit the generalizability of the outcomes.
Second, the sample consisted only of third-year students from
two universities, which reduces its representativeness across
different institutional contexts. Third, the intervention
occurred over a single academic semester, limiting insights
into the long-term effects of the updated curriculum. Finally,
although cloud-based platforms like Google Colab helped
alleviate hardware constraints, students encountered
challenges such as inconsistent internet access and varying
levels of digital literacy, which could have impacted their
learning outcomes.

These challenges align with broader findings in the
literature, which indicate that while STEM educators
generally express positive attitudes toward Al in education,
they encounter barriers related to usability and
implementation. Without proper training and institutional
support, the full potential of Al-based instructional tools may
remain untapped, particularly in low-resource settings [25].

Ultimately, systematically incorporating neural network

instruction into teacher education programs will elevate the
quality of computer science instruction. For Kazakhstan,
adopting these methods necessitates not only curricular
changes but also specific professional development programs
for educators. This ensures that global best practices are
tailored to address local infrastructure, language, and
pedagogical needs effectively.

VI. CONCLUSION

This study aimed to assess modern approaches and
challenges in teaching neural networks to computer science
students in higher education through the following objectives.

The study initially focused on analyzing and enhancing
educational programs for teaching NNs by examining the
practices of leading international universities and current
scientific research. Consequently, topics related to the
development of NNs were incorporated into the curriculum,
and a pedagogical model was created to effectively teach NNs
to computer science students.

Moreover, the effectiveness of this pedagogical model was
validated through its practical implementation in universities.

The research questions formulated within this framework
led to the following findings:

RQ1: Neural network training significantly enhances the
motivation and academic performance of computer science
students. The use of interactive and practice-oriented
teaching strategies encourages active participation and
contributes to improved academic outcomes.

RQ2: During the implementation of the neural network
training process, several challenges were encountered. Given
that this is one of the fastest-growing areas in information
technology, the curricula for computer science students are
not keeping pace with these developments. Additionally, the
content of manuals and online platforms also requires
constant updates. In response to this issue, a training platform
has been developed that allows for yearly updates. Currently,
this platform includes theoretical lectures and practical
exercises related to the course “Fundamentals of Machine
Learning”.

RQ3: The subject “Fundamentals of Machine Learning”
was implemented for Computer science students. The
curriculum addressed key topics in machine learning and
neural networks, emphasizing their ethical implications and
applications in emerging technologies.

RQ4: The effectiveness of the updated curriculum was
assessed using a test designed to evaluate and enhance
students’ motivation, content knowledge, and technical skills.
The overall effectiveness of the model was validated using
Pearson’s chi-square test. Students in the experimental group
demonstrated significantly higher achievement levels across
all evaluated components, confirming the effectiveness of the
revised, tool-based instructional approach.

The methods and platform described in this model can be
used by any higher education institution to teach computer
science students.

This study is limited in both its institutional scope and the
duration of implementation. Future research may explore
long-term impacts, perform cross-institutional comparisons,
and investigate the integration of neural network instruction
with other Al-related disciplines.
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