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Abstract – The integration of emerging technologies, 
particularly machine learning, into educational 
environments has opened new opportunities for 
inclusive learning. This study presents the design, 
implementation, and evaluation of a web-based sign 
language learning system powered by machine learning. 
Waterfall methodology was used to describe the 
development of web-based systems. The system is 
structured around three core dimensions: Expression, 
communication, and comprehension. A pre-
experimental quantitative approach was employed with 
a sample of 145 primary school students in Lima, Peru. 
Data were collected using a validated Likert-scale 
questionnaire applied before and after the intervention. 
Statistical analysis using the Wilcoxon signed-rank test 
showed significant improvements across all dimensions. 
Specifically, the percentage of students who felt fully 
capable of expressing themselves in sign language rose 
from 2% to 49%, while similar gains were observed in 
communication and comprehension. These findings 
demonstrate the potential of machine learning-based 
tools to support foundational sign language learning in 
inclusive educational settings. The study contributes to 
the growing field of AI-enhanced education and 
highlights the importance of accessible technology for 
students with and without disabilities. 
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1. Introduction

According to the World Health Organization [1],
around 15% of the world’s population has some form 
of disability and 5% of the world’s population is deaf. 
People with hearing impairments face barriers in their 
daily lives, including communicating with others. 
Sign languages are used as the primary means of 
communication by a large number of people with 
hearing impairments [2], [3], [4]. Sign language can 
be interpreted as a form of non-verbal communication, 
as it relies on hand movements and visual cues, 
particularly within the deaf and hard-of-hearing 
community [5]. Providing technology that focuses on 
sign language translation, as suggested in [6], could 
significantly reduce the communication gap between 
people who are hearing and people with hearing 
impairments, thus improving interaction and 
understanding between the groups. Every country has 
a version of a sign language and knowing it is key to 
effective communication [7], [8], [9]. Sign languages 
differ in structure, grammar, expression and gestural 
signals [10] according to the geographical location.  

Sign language consists of a structured set of 
gestures that are often used as a means of 
communication between hearing communities and 
individuals with hearing impairments [11]. Tools such 
as MediaPipe, which employ palm detection and hand 
landmark extraction to recognise hand signs, have 
become an important resource for improving sign 
language recognition [12], [13]. One of the main 
challenges in sign language recognition is the creation 
of a general model that can recognise different signs 
accurately [14]; one of the limitations for students 
with hearing impairments is communication, which 
hinders their learning [15]. In order to overcome this 
communicative difficulty, sign language recognition 
has become a relevant topic in various fields of 
research, such as computer vision, sensor technology 
and accessible computing [16]. 
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Learning a sign language can be extremely 
difficult, which is an obstacle for people with 
disabilities who are affected by isolation [17]; 
therefore, sign language recognition systems offer a 
promising solution to help people with hearing 
impairments communicate more effectively [3]. Sign 
languages are a form of non-verbal communication 
and involve the use of different parts of the body, 
positions and movements of the hands and arms, as 
well as facial expressions and lip movements [18].  

It is possible to use technological tools such as 
machine learning to understand sign languages [11]. 
Accurate recognition of similar gestures remains a 
challenging task [19]. To interpret a sign, the frames 
captured by the camera are extracted, and the obtained 
images are processed; certain aspects are modified, 
such as image size or smoothing, and the features that 
are necessary for interpretation, such as hand gestures, 
are extracted [20]. Hand gestures have been used for 
communication since the advent of civilisation [21]; 
they are an important area of research [22] and play a 
pivotal role in facilitating communication for the deaf 
community, bridging the gap with the broader society 
[23].  

Advances in machine learning are making it easier 
to categorise patterns of hand gestures [24]. Hand 
gesture recognition is an important mode of 
communication in human-computer interactions, and 
dynamic communication through hand gestures 
provides a more natural and human-like approach to 
interacting with computers in comparison to static 
hand gestures [25]. The use of hand gestures in sign 
languages is useful for establishing communication 
between individuals and computer systems, which can 
improve interactions between people without hearing 
impairments and those who rely on a machine as an 
intermediary [26]. 

The purpose of this study is to propose a web 
system for learning sign language that takes advantage 
of machine learning technology and the use of 
convolutional neural networks, and to determine its 
influence on students learning sign language. The 
three indicators that have been established for this 
study are communication, expression and 
comprehension. This study contributes to the field of 
knowledge about learning and the use of technologies 
such as machine learning. It is aimed at people with 
hearing disabilities, people who want to learn the 
basics of a sign language and those in charge of 
educational institutions who want to promote and 
motivate the teaching of a sign language. This study 
addresses the following research questions: 

 

 
 
 

Does the implementation of a machine learning-
based system significantly improve elementary school 
students’ learning of a sign language? 

 

Does the implementation of a machine learning-
based system significantly improve elementary school 
students’ expression in a sign language? 

 

Does the implementation of a machine learning-
based system significantly improve elementary school 
students’ communication in a sign language? 

 

Does the implementation of a machine learning-
based system significantly improve elementary school 
students’ comprehension of a sign language? 

 
2. Background 
 

Previous research has highlighted the importance 
of using machine learning to improve sign language 
recognition, as proposed by [27], which highlights that 
computer vision and deep learning are essential for 
sign recognition. In various deep learning tasks, such 
as image classification, object recognition and pose 
estimation using multiple features to achieve better 
results [28].  

It also allows for prototyping devices in which 
dynamic motion and reading facial gestures can be 
applied [29]. There are various methods for image 
classification and recognition based on machine 
learning techniques, particularly deep learning [30]. 
Relating machine learning to sign languages is 
possible when an incremental machine learning 
method of transfer between modalities for gesture 
interaction is proposed, such as transfer learning, 
which allows for better performances or faster 
learning rates [31]. This is based on the idea that there 
is an underlying correlation amongst the 
characteristics of gestures that are captured by 
different sensors; a machine learning algorithm can be 
used to learn this correlation and to then use it to adapt 
the data from the sensors [32].  

Advances in sign language recognition represent a 
significant advance in communication with the deaf 
community [33]. Recent advances in sign language 
recognition have involved the use of depth sensors and 
wearable devices, with promising results in improving 
accuracy, robustness and real-time performances [34]. 
Among other studies, the proposal of a system that is 
capable of recognising Japanese typing with high 
accuracy to optimise accessibility for people with 
hearing impairments [35], the recognition of spelling 
in American Sign Language [36] and the proposal of 
a system based on a convolutional neural network 
using high-quality image data for the letters of the 
alphabet are notable.  
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Three data sets are used when working with data 
for the construction of a model such as machine 
learning, namely the training data set, the validation 
dating a set and the test data set [37]. Finger-based 
sign language recognition using machine learning 
effectively supports communication with deaf or hard-
of-hearing individuals [38] and helps to detect the skin 
colour of the hands, as well as the signs, when a 
method based on skin colour and segmentation is 
proposed [39]. Image processing techniques can 
detect and translate captured sign language signals in 
real time; they can detect and track the user’s hands 
and then extract features from the user’s hands for 
recognition [40]. 

Similarly, techniques such as the decision tree, the 
support vector machine and the random forest have 
been used as basic models [41] to develop sign 
language applications. The use of convolutional 
neural signals for sign language recognition leads to a 
better understanding of signs and gestures for people 
who are deaf [42], as well as improvements in the 
interactions amongst people with hearing difficulties 
[43]. It is necessary to use clustering techniques to 
identify and eliminate false replicas based on 
homogeneity constraints to provide a sign validation 
process that analyses movement parameters [44], [45]. 
Computer vision is essential for sign recognition in 
real time; its application via Artificial Intelligence 
allows for the extraction of the intended signal per 
frame in order for individual interpretations to be 
made in isolation. However, other equally important 
factors, such as the noise captured in the images, must 
be managed appropriately as they have a negative 
effect on the analysis of the sign and therefore on the 
translation thereof [46]. 

 
2.1. Learning and Sign Language 

 
Sign languages are a means of communication for 

deaf and hard-of-hearing people and are used to 
converse and interact with society [4]. Sign language 
can be learned by anyone who is interested in it; 
however, it is unusual for people without disabilities 
to be familiar with sign languages [47]. A sign 
language can be described as involving a set of 
gestures, movements and hand positions [25]; these 
include hand configuration, palm direction, 
displacement and location, as well as non-manual 
expressions or signals. Learning a sign language 
contributes to the development of expression, 
communication, and comprehension [18], and people 
with hearing loss use sign languages to express their 
thoughts and feelings [5].  

In this context, expression involves both manual 
parameters and non-manual components, such as 
facial expressions and body movements, which 
together enable the transmission of linguistic 
information [48], [9]. Sign language communication 
is essential for people with hearing impairments [49].  

Communication in the sign language processing 
environment entails the ability to transmit information 
through gestural signs [9], [16], while sign language 
comprehension refers to understanding what others 
convey in a sign language. Understanding a sign 
language enables effective communication and a 
better understanding of the transmitted information 
[50]. Furthermore, advances in technology have 
facilitated the learning [51] and processing of sign 
languages. 

 
3. Research Methodology 
 

This study used a two-part methodology, the 
methodology to develop the proposal (web system) 
and the methodology to determine whether the web 
machine learning-based system improved the learning 
of a sign language.  

 
3.1. Methodology for the Development of the Proposal 

 
Waterfall methodology was used to develop the 

web system; waterfall methodology is characterised as 
a sequential and linear approach that is divided into 
well-defined stages such as communication, planning, 
modelling, construction and implementation [52]. A 
brief description of the phases in the methodology is 
provided below:  

 

(1) Communication: (specification of requirements): 
An analysis of the existing literature was 
conducted to determine the common requirements 
for the development of a sign language learning 
system; the context of the technological 
infrastructure of the educational institution was 
also verified. Finally, the dimensions of the 
research were taken into account to answer the 
research questions.  

(2) Planning: After determining the requirements, the 
scope of the development of the system was 
defined and economic resources were considered, 
such as the duration of the research, the 
technological limitations, and the creation of a 
document for the test plan.  

(3) Modelling: The approach to the system 
architecture and the modelling of the non-
relational database were conducted; mockups of 
the user interfaces were created, and their 
accessibility and usability were considered.  

(4) Construction (code and testing): This stage 
included the development of the web application 
based on the design specifications for the 
backend, frontend and the Artificial Intelligence 
model; in addition, the test plan document was 
completed to validate the functionality of the 
system.  

(5) Deployment: The web system was deployed, and 
the data collection was conducted to validate the 
research hypotheses. 
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3.2. Methodology for the Validation of the Proposal 
 

This study was conducted at two schools located in 
the south of Lima, Peru, with students who were 
enrolled at the primary school level. The studies at the 
primary school level last for six years. The research 
adopted a quantitative approach and a pre-
experimental research design via the pre-test and the 
post-test of a single group. The pre-test and post-test 
design is represented by the equation: 

 

                        𝐺𝐺: 𝑂𝑂1 𝑋𝑋 𝑂𝑂2              (1) 
 

Where G is the study group, O1 and O2 are the pre- 
and post-test measures, respectively, and X is the 
application or manipulation. 

The population consisted of primary school 
students from two schools who were enrolled in the 
fifth and sixth grades in 2024. The inclusion criteria 
were fifth or sixth grade students who attended the 
morning session and agreed to participate. Those who 
did not belong to these grades and did not attend 
regularly were excluded. The sample size was 145 
students; 47.59% of the respondents were female and 
52.41% were male, while 56.55% of the students were 
between 10 and 11 years old and 43.45% were 
between 12 and 13 years old. Of the students 
surveyed, 21.38% had experience with a sign 
language. 

A questionnaire was developed as an instrument to 
collect data with a total of five questions related to 
socio-demographic data and twelve questions related 
to the dimensions of expression, communication and 
comprehension. A 5-point Likert scale ranging from ‘I 
do not feel fully capable’ to ‘I feel fully capable’ was 
used; the questionnaire was validated by experts. The 
survey was carried out in person, with the prior 
authorisation of the management of the educational 
centres and the teachers.  

It was ensured that the students’ participation was 
voluntary, and their autonomy was respected in all 
stages of the study. The confidentiality of the collected 
data was maintained by assigning numerical codes 
instead of using the names of the participants in the 
reports and analyses. 

An initial questionnaire (pre-test) was 
administered to assess the student’s level of 
knowledge. Students were given a period of time to 
develop their knowledge of sign languages prior to the 
implementation of the system. The knowledge 
questionnaire was then used again to compare the 
results and to validate the research hypotheses. The 
data were entered on a spreadsheet to be transferred to 
the SPSS statistical program to conduct the statistical 
analysis. The hypotheses are the answers to the 
research questions that were posed. Concerning the 
results of the questionnaire, the Cronbach’s alpha 
value for all the items was equal to 0.892 for the pre-
test and 0.942 for the post-test. SPSS software was 
used for the statistical analysis.  

 
4. Proposed System 
 

The sign language learning system consisted of 
three modules, namely the communication module, 
the expression module and the comprehension 
module. Each section provided relevant information 
that the students needed to learn, and a camera was 
available for each student to test what they had learnt. 
The system was designed to enhance students’ 
expression, comprehension, and communication 
abilities in sign language, thus making this system 
valuable and effective for all students. The functional 
requirements of the system are shown in Table 1. 

Therefore, the authors who interact with the system 
were identified using the use case diagram. 
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Table 1. Functional requirements (REQF) of the proposed system 
 

REQF Description 
REQF 1 The system should allow learners to log in securely using their credentials, which consist of an email 

address and a password. 
REQF 2 Registered students must be able to log in securely to ensure the privacy and security of their personal 

information. In cases in which their credentials are incorrect, the message ‘Incorrect Data’ will be 
displayed. 

REQF 3 The student must be able to register on the system by providing their personal details. These data include 
their name, surname, email and other details relevant to the identification of the user. 

REQF 4 The system must offer the functionality of resetting the student’s password in the event of them 
forgetting or losing their password. This ensures that learners can regain access to their accounts 
efficiently and securely. 

REQF 5 For the password reset, the student’s account must include a set of three security questions that allow the 
student to be uniquely identified. These questions will help to verify the user’s identity in order for them 
to change their account details. 

REQF 6 The system must allow each student to view their own profile, including allowing them to view their 
personal information. 

REQF 7 Students can mark the sign language that they are practising in the system as ‘learnt’. This feature allows 
learners to track their progress and understanding of the lessons. 

REQF 8 Detailed information about the student’s progress in learning the sign language should be provided in 
each student’s profile. This should include a graph showing the percentage of completed lessons. 

REQF 9 The system must allow the student to view the ‘comprehension’, ‘expression’, ‘communication’ or 
‘additional resources’ modules by clicking on the submenu to view their profile. 

REQF 10 The system must allow the student to select a module by pressing one of the options listed in the 
submenu. 

REQF 11 The system should allow the learner to view module trays when selected from the submenu of their 
profile. 

REQF 12 In the expression module, the system must provide examples of the alphabet and numbers in the 
language. These examples will serve as reference material for students, thus facilitating learning and 
practice. 

REQF 13 In the communication module, the system must offer examples related to the adverbs and prepositions in 
the language. 

REQF 14 In the comprehension module, the system must offer examples of comprehension, this being the verbs 
and question format in the language. 

REQF 15 The system should allow the user to select a camera-shaped icon that displays a window that captures 
their camera on the web. 

REQF 16 The system must include an additional resources section in which the student can select links that direct 
them to a page where they can view a book about the sign language. 

REQF 17 The system must include an additional resources section in which the student can select links that direct 
them to an educational website related to the sign language. 

REQF 18 The system must include an additional resources section in which the student can select links that  
direct them to a page of educational videos related to the sign language. 

REQF 19 The system must display a modal that contains a message with the copyright on the visual assets used. 

4.1. Architecture 
 

The system architecture focuses on microservices 
and the non-relational database to store the metadata 
used by the system. Figure 1 presents the architecture 
of the system, a web-based solution for learning sign 
language using Artificial Intelligence techniques.  

The system is structured in four main components. 
The frontend represents the user interface (UI) and 
allows user to register, log in, access their profile and 
explore the modules of comprehension, expression, 
communication and didactic resources. The backend, 
implemented in Node.js, manages CRUD operations 
related to users, resources and learning progress.  

It serves as an intermediary between the user 
interface, the database and the Artificial Intelligence 
engine. AI module developed in Python with Flask 
provides sign practice functionalities based on the 
expression and comprehension modules. This 
component allows simulating sign language 
interactions for pedagogical purposes. The system 
uses MongoDB Atlas to store user information, 
educational content and progress statistics. 

The different components are hosted on Render 
servers and communicate with each other through web 
services over the Internet, allowing an interactive and 
distributed experience for learning sign language. 
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Figure 1. System component diagram 
 
5. Results 
 

Three dimensions, namely expression, 
communication and interpretation, were considered to 
determine how the web application focused on 
machine learning for a sign language improved the 
students’ learning. To accomplish this, a questionnaire 
was administered to 145 primary school students 
before and after the implementation of the web 
system. Significance was assessed using the 
Kolmogorov-Smirnov test to obtain the distribution 
represented by the data. The results of the normality 
test showed that the distribution was not normal. The 
Wilcoxon test was used to test the hypotheses, and the 
same test was used to evaluate the research 
dimensions of comprehension, expression and 
communication.  

5.1. Comparison of the Pre- and Post-test Results for the 
Expression Dimension 
 

Before the implementation of the machine 
learning-based system, 39% of the students perceived 
themselves as ‘slightly capable’ of expressing 
themselves in a sign language. However, after the 
intervention, this percentage decreased significantly 
to 0%. At the same time, the percentages for the group 
that perceived themselves as being ‘quite capable’ 
increased from 10% to 38%. As shown in Figure 2, the 
proportion of students feeling ‘completely capable’ in 
expression increased from 2% to 49%. These results 
indicate a significant improvement in the students’ 
ability to express themselves after using the system. 
Figure 2 presents the descriptive results before and 
after the implementation of the system. 
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Figure 2. Distribution of answers in the expression dimension – pre-test and post-test 

5.2. Comparison of the Pre- and Post-test Results for the 
Communication Dimension 
 

The initial assessment showed that 37% of the 
students felt ‘slightly capable’ of communicating in a 
sign language in the communication dimension.  

Following implementation, the percentage 
dropped to 0%. As shown in Figure 3, the proportion 
of students feeling ‘completely capable’ in 
communication increased from 1% to 50%. These 
results show significant improvements in the ability to 
communicate using a sign language. 
 

 
 

Figure 3. Distribution of responses for the communication dimension – pre-test and post-test 

5.3. Comparison of the Pre- and Post-test Results for the 
Comprehension Dimension 
 

Before the intervention, 47% of the students 
perceived themselves as ‘slightly capable’ of 
understanding sign language. After using the 
application, this percentage decreased to 0%, while 
the percentage for the group that was considered to be 
‘quite capable’ increased from 9% to 48%.  

As shown in Figure 4, the proportion of students 
feeling ‘completely capable’ in comprehension 
increased from 3% to 38%. These results confirm 
significant gains in students’ comprehension of sign 
language after using the system. 
 

 

0%
5%

10%
15%
20%
25%
30%
35%
40%
45%
50%

I don't feel capable at
all

I feel slightly capable I feel moderately
capable

I feel quite capable I feel completely
capable

14%

37% 37%

12%

1%0% 0%

12%

39%

50%

Pretest Postest



TEM Journal. Volume 15, Issue 2, pages 1707-1718, ISSN 2217-8309, DOI: 10.18421/TEM152-63, May 2026. 
 

1714                                                                                                                           TEM Journal – Volume 15 / Number 2 / 2026. 

 
 

Figure 4. Distribution of answers for the comprehension dimension – pre-test and post-test 

5.4. Hypothesis Testing Using the Wilcoxon Signed Rank 
Test 
 

Based on the summary obtained via the analysis of 
the corresponding samples, it was determined that the 
significance was less than 0.05. According to these 
results, the implementation of machine learning-based 
system had a statistically significant impact on 
primary school students’ learning of a sign language. 
Statistical significance strengthens the validity and 
reliability of the findings. It can also be stated that the 
implementation of this system led to real and 
measurable improvements in the evaluated 
dimensions.  

A consistent pattern was observed amongst the 
students who participated actively in the sessions in 
the machine learning-based system and a sustained 
improvement was observed in all the evaluated 
dimensions. Individuals who devoted more time and 
effort to the activities suggested by the system 
experienced significant improvements in their 
expression, communication and sign language 
comprehension skills. Table 2 shows the results of the 
hypothesis testing using the Wilcoxon signed rank 
test. The p-value in all cases was less than 0.05. The 
hypothesis was supported. 
 

 
Table 2. Summary of the hypothesis testing using Wilcoxon 
 

General/Dimension Hypothesis P-value Decision 

General The implementation of a machine learning-based system significantly 
improves elementary school students’ learning of sign language. 0.0 Accepted 

Expression 
 

The implementation of a machine learning-based system significantly 
improves elementary school students’ expression in a sign language. 0.0 Accepted 

Communication 
The implementation of a machine learning-based system significantly 
improves elementary school students’ communication in a sign 
language. 

0.0 Accepted 

Comprehension 
The implementation of a machine learning-based system significantly 
improves elementary school students’ comprehension of a sign 
language. 

0.0 Accepted 

6. Discussion  
 

The results obtained in this study are consistent 
with previous research that has highlighted the 
positive potential of machine learning-based 
interventions in improving sign language skills, as 
highlighted in the study by [34], who developed a sign 
language detection system using machine learning 
tools with the aim of improving the learning process 
for elementary school children, regardless of whether 
they had a hearing impairment or not.  

 

The system improved students’ perception of their 
ability to express themselves in sign language, with 
more students reporting feeling quite or fully capable. 
By making use of the system, the students achieved 
significant improvements in the recognition of 
numbers and letters of the alphabet which, in turn, 
meant that there had been an increase in the level of 
expression in the students’ sign language. The data 
showed a tendency to establish the alternatives of ‘I 
feel incapable’ and ‘I feel moderately capable’ in the 
dimension of sign language expression before the 
implementation of the system. It represented 39% and 
40% of the population, respectively.  
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After using the application, a noticeable 
improvement in the students’ perceptions was 
observed. The trend shifted dimension of the sign 
language toward students reporting feeling ‘quite 
capable’ or ‘completely capable’ in the expression, 
representing 38% and 49% of the population, 
respectively. These results suggest that the 
implementation of the system not only improved the 
students’ perceptions of their ability in the expression 
of a sign language but also resulted in a significant 
increase in those who felt quite or fully capable. That 
is, when using the system, the students experienced a 
significant improvement in the recognition of 
numbers and letters of the alphabet which, in turn, 
resulted in an increase in the level of expression in a 
sign language; this is related to the argument 
expressed by [44], who mentioned that these signs can 
be expressed in this way, as well as through expressive 
gestures. 

The results indicate that the implementation of the 
system resulted in a significant improvement in the 
students’ perceptions of their ability to communicate 
in a sign language, as there was a notable increase in 
the percentage of students who felt quite or fully 
capable of communicating in this way. The trend 
shifted toward students reporting feeling ‘quite 
capable’ or ‘completely capable’ in the 
communication dimension of a sign language, 
representing 39% and 50% of the population. These 
results indicate that the implementation of the system 
generated a significant improvement in the students’ 
perceptions of their ability to communicate using a 
sign language, leading to a notable increase in students 
who felt quite or fully capable of doing so. The 
information previously presented is linked to [36] 
findings, as they argued that the creation of a fast and 
highly accurate interpretation system played an 
essential role in optimising the communication of 
those who rely on it, thus promoting greater 
integration into society. It is implied that the use of 
machine learning has a major impact on improving 
communication [34] and even facilitating 
communication with people who are hard of hearing 
or who are unable to speak. 

The results suggest that the system contributed 
significantly to strengthening students’ confidence 
and ability in identifying sign language vocabulary, 
particularly verbs and questions. There was a tendency 
amongst primary school students to select the 
alternative of ‘I feel slightly capable’ of understanding 
a sign language, which represented 47% of the 
population. This trend suggests that, prior to the 
system intervention, most of the students perceived 
themselves as being incapable of understanding a sign 
language. A significant change in the students’ 
perceptions was observed after the implementation of 
the system.  

The trend shifted toward students reporting feeling 
‘quite capable’ or ‘completely capable’ in the 
dimension of sign language comprehension, 
representing 48% and 38% of the population, 
respectively.  

These results indicate that the implementation of 
the system resulted in a significant improvement in the 
students’ perceptions of their ability to understand a 
sign language. An important component of sign 
language comprehension is the recognition of signs at 
the word level [45]. Improving the expression, 
communication and understanding of sign language 
has significant implications for the teaching of this 
form of communication in educational settings. The 
successful integration of machine learning-based 
technology may be a good strategy for improving 
accessibility and inclusion for students with hearing 
impairments. The key elements may provide valuable 
insights for future implementations and adaptations of 
the system in other educational settings. 

A limitation of this study is that the impact on 
students was validated with students who did not have 
hearing impairments. In future, the system should be 
implemented in specialised centres with students who 
have hearing impairments. As the sample that was 
used was non-probabilistic, future research should use 
a probabilistic sample because this would allow for the 
results to be generalised.  

 
7. Conclusion 
 

This study demonstrated the potential of 
integrating machine learning-based technologies in 
educational contexts to support the teaching and 
learning of sign language among primary school 
students. The proposed web-based system structured 
around three key modules; expression, 
communication, and comprehension showed a 
statistically significant positive impact on students’ 
self-perceived abilities in these dimensions. The use 
of convolutional neural networks for gesture 
recognition provided a functional and scalable 
approach for supporting sign language acquisition in 
non-specialized educational environments. Beyond 
the immediate improvements in students’ perceived 
competence, the system also fosters greater awareness 
and inclusivity regarding the needs of deaf or hard-of-
hearing individuals. These findings support the 
argument that accessible technological solutions can 
bridge communicative gaps and enhance inclusive 
practices in education. However, the results must be 
interpreted within the scope of the study’s limitations. 
The sample consisted of students without hearing 
impairments, and no control group was used for 
comparison. Future work should address these 
limitations by including students from deaf 
communities and incorporating objective performance 
metrics in addition to self-assessment data.  
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Furthermore, technical improvements such as real-
time feedback accuracy, signer independence, and 
multilingual sign support should be explored to 
broaden the system’s applicability. In conclusion, this 
work contributes meaningfully to the body of 
knowledge on inclusive educational technologies and 
opens avenues for more robust, evidence-based 
applications of Artificial Intelligence in language 
accessibility. With further refinement and testing in 
specialized contexts, the proposed system has the 
potential to become a valuable tool for advancing 
equity and inclusion in education. 
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