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choosing the participants. The research used a 
combination of dual frameworks, which consist of the 
Digital Inclusion Model for Assistive Technologies for 
usability and the Technology-Organization-
Environment (TOE) for feasibility. Currently, most 
studies have only used one framework, like UTAUT, 
TAM, or TOE, independently. For future research, the 
study will expand the scope to include a greater variety 
of disability types, particularly in mental health. 
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1. Introduction

Many disabled students in developing countries 
struggle to express their needs to get proper academic 
support, and institutional services frequently fail to 
interpret these needs with the necessary support that 
they need [1], [2]. 

The rise of digital learning environments, 
especially in developing countries, has opened new 
opportunities for more scalable and personalized 
support [3], [4], [5]. But it also makes the gaps in 
accessibility worsen for students with disability, 
especially when the systems are designed mainly 
with a non-disabled person as the user in mind [6], 
[7], [8]. Fortunately, the current technology of 
Natural Language Processing (NLP) based Artificial 
Intelligence (AI) with multimodal vision gives a 
promising tool that could bridge this support gap. 
NLP technologies such as sentiment analysis, entity 
recognition, and conversational agents can interpret 
the emotional intent and context of disability student 
communications [9], [10], [11], [12]. However, while 
these techniques are increasingly being applied in 
educational technology, their use to support disability 
support remains underexplored [6]. 

This study proposes a different insight that aims 
for better implementation of NLP-based AI to bridge 
the inclusive support in developing countries. The 
proposed design framework enables real-time and 
context-aware student communications while 
offering a scalable but still resource and cost-friendly 
solution.  

https://doi.org/10.18421/TEM152-43
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Thus, the proposed framework is built by using 
the Digital Inclusion Model for Assistive 
Technologies [11] to help ensure the proper and 
personalized implementation of NLP AI tools for 
assistive purposes, and validated with the 
Technology-Organization-Environment (TOE) 
framework for its implementation. The dual 
framework combination gives dual-layer assessment, 
which is usability and feasibility, which is rare in 
current assistive AI/NLP research. The NLP helps 
bridge these dual frameworks in connection with the 
disability types proposed by the framework, by using 
the Sentiment Analysis, Entity Recognition (NER), 
and Conversational Agents in conjunction with each 
type of disability, with the help of multimodal vision. 
Although limited by the number of qualitative 
respondents, the interviews produced deep contextual 
understanding in regards of disability student 
experiences, institutional practices, and barriers to 
implementation, with the help of purposive sampling 
in choosing the interview survey participants that 
truly represent the disability student needs in 
academic activities. 

This approach gives a multi-dimensional 
validation approach that could better address the 
problem than the current research, which mostly only 
uses one framework, like UTAUT, TAM, or TOE 
independently. Embedding the AI-driven framework 
into the institutional workflows, the proposed model 
seeks to improve how the universities identify and 
respond to the needs of disability students. It will 
create a more responsive and inclusive NLP AI 
framework to help reduce communication barriers 
and increase their engagement in academic activities. 

 
2. Literature Review 
 

Inclusive education support is still a challenge in 
higher education. Mainly because of the resources 
and cost needed for proper support that the academic 
entities lack [1], [2]. Prior research has included the 
role of assistive technologies in improving 
accessibility, with the focus largely on physical 
adaptations [9], [12]. While these inventions do 
address some barriers, they still neglect the needs 
that arise in communication from disabled students 
regarding academic engagement. 

 
2.1. Disability Types 

 
Before addressing the inclusive support in 

academics for disabilities, the definition and types of 
disabilities should be defined first. The World 
Health Organization (WHO) created a guide called 
the International Classification of Functioning, 
Disability, and Health (ICF) to categorize various 
disability types.  

The ICF categorizes disability into 15 main types. 
Covering conditions such as physical, brain injury, 
visual, hearing impairments, speech and language, 
facial deformities, kidney, heart, liver, respiratory, 
ostomy, epilepsy, intellectual, autism, and mental 
disabilities [13]. 

In this research, disabilities were grouped into 
three main groups corresponding to common types 
of disabilities encountered in academic activity, as 
follows: 

 

1. Non-verbal Communication Tools, which target 
individuals with hearing or speech impairments. 
These tools (e.g., Picto Grapher) convert text 
descriptions into visual symbols to aid 
communication. This caters to ICF classification 
number 3. 

2. Verbal-Based Communication Tools, which are 
designed for users with visual impairments. These 
applications (e.g., Text Extractor) generate 
descriptive text or audio output from images. This 
caters to ICF classification numbers 4. 

3. Assistive / Adaptive-based Communication tools, 
that designed to support disability people with 
their movement or help them to make their voices 
heard and interact more easily. The examples 
include apps like Voiceitt or symbol-based 
Augmentative and Alternative Communication 
(AAC) tools. These enable the possibilities to 
control devices using voice recognition or other 
hands-free methods, making everyday 
communication and activities more accessible for 
people the disabilities. This caters to ICF 
classification numbers 1 and 5. 

 

These categories address the practical needs 
identified through literature and preliminary 
observations while simplifying the deployment under 
the resource limitations typically found in developing 
countries. 
 
2.2.  Natural Language Processing (NLP) for Disabilities 

 
Nowadays, people with disabilities often lack 

access to ICT, even though they could benefit the 
most from its use. The integration of NLP AI makes 
it possible to transform how users interact with 
technology. These intelligent systems could 
understand, interpret, and respond to human 
language, thus providing more personalized and 
contextual interactions and adding them to their 
algorithm [14]. In this context, NLP bridges the 
Natural Language Understanding (NLU) systems 
and makes communication easier between non 
disabled individuals and those with disabilities or 
impairment, as NLP simplifies the NLU process in 
general communication.  
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The proposed framework is designed to help 
disabled students through the use of NLP. There are 
many NLP component that is part of the AI, but 
there are three NLP components that are used in this 
framework, which are Sentiment Analysis, Entity 
Recognition (NER), and Conversational Agents [3]. 
These NLP components will be used as a foundation 
alongside the Digital Inclusion Model for Assistive 
Technologies in building the proposed framework to 
help disabled students. 

For the implementation of the proposed NLP AI 
framework, BERT (Bidirectional Encoder 
Representations from Transformers) would be the 
most suitable engine. Since BERT is known for 
having a deep understanding of language context, it 
is better for tasks like sentiment analysis and named 
entity recognition (NER) [15]. Those tasks are both 
central to the proposed framework. These 
capabilities are important when working with 
students with disabilities. The system needs to 
understand emotional tone and extract key 
information from their communication. This is 
something that BERT handles far better than older 
models like the LSTM.  

It is also easier to control, which makes it a safer 
and more sustainable choice for resource-limited 
educational settings. BERT also supports 
multilingual, which supports students with many 
different spoken languages, as Indonesian and 
Malaysian have many different language dialects 
[16]. 
 
3. Methodology  
 

This section proposes the research design 
methodology based on previous related studies, The 
Qualitative and Quantitative approach used, and the 
mixed-methods deployment justification. Also, how 
the data analysis is conducted is presented here.  
 
3.1. Research Design 

 
This research used a mixed approach to study 

how NLP AI can bridge and support the accessibility 
and inclusion gap for disabled students in academic 
activities. Mixed methods research (MMR) brings 
the strengths of both qualitative and quantitative 
approaches to help researchers gain deeper and more 
insights [17], [18]. The research flow is as follows: 

 

Initiation
(Review, GAP)

Data Gathering
(Interviews)

Analysis
(Thematic)

Design
(Initial Framework)

Validation
(Student/Admin)

SEM Analysis
(AMOS)

Validation
(Interpretation)

Mix Phase
(Integrated Findings)

Qualitative

Data Collection
(Survey)

Design
(SEM Hypotheses)

Quantative

 
 

Figure 1. Research flow 
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As can be seen in Figure 1 of the research flow, 
there are qualitative and quantitative parts of the 
study. The proposed NLP-AI framework combined 
the Digital Inclusion Model with the Technology 
Organization–Environment (TOE) Framework 
because it works well with the institutional 
implementation level validation, with its three 
dimensions. The combination of the dual framework 
strategy will allow the research to be a multi-
dimensional validation with the Digital Inclusion 
Model to assess user-centered inclusivity, and the 
TOE to assess institutional readiness and systemic 
scalability. In contrast, other models like UTAUT or 
TAM focus mostly on individual adoption without 
explaining organizational or environmental 
readiness, which is important when proposing 
assistive technology in education policy. 

 
3.1.1. Qualitative Approach 

 
The qualitative study was conducted on two 

academic institutions in two countries. The first 
institution is from Java Island, Indonesia, with 
participants from West Java to East Java. The 
second institution is from the Selangor area, 
Malaysia. The study will try to capture how the 
disabled students’ current engagement relates to 
their academic activities. The interview also takes 
their view regarding the potential of NLP AI-based 
integration to support their disabilities. A purposive 
sampling strategy was used to recruit participants. 
This non-probability sampling method was selected 
to ensure that participants possessed specific 
characteristics relevant to the research objectives. 
Purposive sampling involves researchers selecting 
samples based on the characteristics of the sample 
members that align with the purpose of the study 
[19], [20]. There are 21 participants involved. For 
the first interview, there are 15 disabled students (10 
from Indonesia and 5 from Malaysia) for the 
interview. Four student body representatives are 
interviewed for cross-reference. Additionally, there 
are two campus administrators interviewed for 
model implementation validation. The 15 student 
participants were selected to represent three major 
disability categories as designed. The categories are 
visual impairments, hearing or speech impairments, 
and the last is motor or cognitive impairments that 
require assistive tools. Data were gathered by using 
semi-structured interviews. The interviews focused 
on their academic experiences, challenges related to 
accessibility, current technology that supports them, 
and their perceptions of AI-based tools.  

 

Student body representatives and campus 
administrators were interviewed to give their opinion 
about the prior interview result and to see how 
institutional policies and the current support 
mechanisms regarding disabled students are. The 
identities of the participants were anonymized to 
protect their confidentiality.  

 
3.1.2. Qualitative Approach 

 
For the quantitative study, the research is 

conducted in Indonesia only because of the time and 
resource limitations. The data comes from disabled 
university students with various disability types. The 
majority of them are from the state-owned 
university, because students with disabilities willing 
to partake surveys are hard to find. The survey was 
conducted using Google Forms from April to June 
2025. The institutional student body was contacting 
other university student bodies for cooperation. They 
mainly contact the state-owned one to find disabled 
students in their university and help them fill out the 
form. The visually impaired disability is the rarer 
one because they need the most assistance to fill out 
the form. There is are total of 83 data surveys used 
for this analysis from 92 survey participants, with 9 
data points omitted. 

 
3.1.3. Mixed Method Justification 
 

The research used a mixed method so that the 
evidence can be gained from the study and increase 
the knowledge in a more meaningful manner than 
either model could achieve alone [17], [18]. For the 
qualitative part, an interview approach was selected 
to understand the experiences, needs, and 
perceptions of disabled students concerning the 
integration design of assistive NLP AI-based 
technologies. The qualitative approach gives a more 
in-depth exploration of context and individual 
factors that influence the implementation of the 
technologies [21]. The interview is performed with 
the disabled student, the student body representation, 
and also from the campus administrators. The results 
of interviews with the disabled student are used to 
create the initial proposed NLP AI to improve the 
Inclusive Educational Support for Students with 
Disability. Then, the result is presented to the 
student body representatives and campus 
administrators via an interview to get their take and 
opinion regarding the matter.  For the Quantitative 
parts, there will be statistical analysis using a survey 
to test the design framework and find out its 
shortcomings, and make the necessary adjustments 
[22]. 
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3.2. Data Analysis 
 

There are two analysis methods used in this 
research. The general analysis of research applied in 
this study is as follows: 
 

1) Thematic analysis: This analysis is used for the 
qualitative stage of the research. To map the 
interview results into creating the NLP AI 
framework, in line with the research GAP and 
goals gathered from the literature review and 
observation. The interview is transcribed, with 
the data coded and analyzed according to the 
themes. After that, the data is cross-validated 
with the representative interviews. 

2) SEM analysis: This analysis is used for the 
quantitative stage of the research. To test the 
hypotheses built based on the proposed NLP AI 
framework and give insight and validation to the 
framework. The result will then be compared 
with the interview result and then combined. The 
SEM is performed using AMOS-SPSS. The 
Reliability and validity assessments were 
conducted using Cronbach’s alpha, AVE, and CR 
metrics, while the Hypotheses were tested against 
qualitative findings. 
 

4. Results 
 

This section contains the research Result 
Overview, Interview Analysis, The Proposed 
Framework for NLP multimodal AI-based design, 
Proposed Framework Design, Data Survey results 
and demographics, SEM analysis, and Discussion.  
 
4.1. Research Result Overview 

 
This section presents the findings and the 

discussion regarding the implications of Natural 
Language Processing (NLP) Artificial Intelligence 
(AI) tools to support disabled students from 
Indonesia and Malaysia. There is data analysis from 
qualitative analysis through the interview, and also 
SEM analysis from the quantitative data analysis.  
 
4.2. Interview Analysis 

 
There are several interviews conducted in this 

study. The first is from a disabled student from 
Indonesia and Malaysia. The second is an interview 
with the student body. The last is an interview with 
the campus administrator. 
 
4.2.1. Disabled Student Interview Analysis 

 
Fifteen disabled students were interviewed for this 

study. Ten from Indonesia and five from Malaysia 
participated in semi-structured interviews.  

 

A. Indonesian Student Responses: Participants 
from Indonesia highlighted the transformative 
potential of AI technologies, especially in 
extracurricular activities. Students with visual 
impairments found tools like OCR readers and 
descriptive audio apps helpful in navigating 
unfamiliar environments. However, they point out 
that institutional support and inclusive facilities 
remain inconsistent. Several students with speech or 
motor impairments endorsed the use of voice 
command and symbol-based communication tools 
powered by NLP AI to bridge the gaps in interaction 
with non-disabled people. 

B. Malaysian Student Responses: The Malaysian 
student interviews give similar sentiments. Students 
with dyslexia or visual impairments reported limited 
participation in campus life due to accessibility 
barriers. After being introduced to the proposed NLP 
AI framework, participants acknowledged its 
practicality in the proposed implementation. They are 
optimistic about its potential for enhancing academic 
activity engagement, particularly through adaptive 
reading tools and real-time language assistance. 

 
4.2.2. Perspectives from Student Body Representatives 

 
The follow-up interviews with four student 

organization representatives show that while there is 
growing awareness of inclusion, the reality is that the 
support program implementation remains limited. 
Currently, at the university level, there are already 
some supports for disabled student activities. Like 
their sports events that involve students with 
disabilities. Still, this support is sporadic at best. 
They acknowledged a lack of targeted training and 
sign language resources, although multimedia 
accessibility efforts are underway. They also 
mentioned the limited availability of skilled human 
resources for sign language. The campus did not 
offer or provide help regarding this matter.  The 
proposed NLP AI framework was perceived as a 
practical mechanism that could help to improve 
participation and reduce the communication gaps 
between non disabled people and students with 
disability in campus activities. 

 
4.2.3. Institutional Stakeholder Feedback 

 
Interviews with two university administrators 

were performed to see how the institution views the 
implementation of the proposed framework design.  

The result is as follows: 
NLP AI applications for disabled students are not 

yet institutional priorities. Most deployments focus 
on general academic efficiency. 

Although dedicated support units exist, resource 
limitations and inter-departmental fragmentation 
make coordinating support for disabled students a 
difficult thing to do.  
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Even though regulations and directives for 
disability support exist. However, they are lacking in 
strategic implementation. Current initiatives are 
mostly symbolic, lacking follow-through and/or 
systemic planning. 

These insights validate the necessity of an 
organized, more resource-friendly framework that 
can align with the existing systems. More concrete 
policies and implementation to support disabled 
students are needed to be able to support them in 
inclusive academic activity and reduce inequality. 

 

4.3. Proposed Framework for NLP Multimodal AI-Based 
Inclusion Design 

 
In response to stakeholder feedback, the proposed 

framework was then built based on the data interview 
using the NLP component, and then mapped with the 
dual framework.  

The use of the NLP component in the framework 
alongside the tools is to make communication more 
accessible and also make the identification of needs 
for students with disabilities easier. 
 
4.3.1. Digital Inclusion Model for Assistive Technologies 

Framework Building 
 

The proposed framework was built from the 
feedback using the three dimensions of the Digital 
Inclusion Model [11] and incorporating them with 
the three NLP components, which are sentiment 
analysis, entity recognition, and conversational 
agents. The construct details on the three factors that 
are used for the reference models in the proposed 
framework are as follows: 

 
 

 

Table 1. Mapping from the digital inclusion model to disability NLP multimodal AI framework 
 

Digital 
Inclusion 
Dimension 

Sub-Criteria 

Non-Verbal 
Communication 
Tools (e.g., 
Pictograms) 

Verbal-Based 
Communication 
Tools (for Visual 
Impairments) 

Assistive 
Communication 
Technologies 
(Physical/Motor 
Disabilities) 

NLP 
Component 
Used 

1. Access 

Personalized 
Interaction 

Generates tailored 
symbols that 
reflect unique user 
expression styles. 

Delivers audio 
descriptions 
customized to user 
preferences (e.g., 
speech rate, 
language). 

Enables customized 
device control 
through voice 
commands and 
gesture-based 
interfaces. 

Entity 
Recognition 
(NER), 
Conversational 
Agents. The 
multimodal 
vision AI is 
included for 
picture 
recognition. 

Adaptability in 
Communication 
Abilities 

Adapts 
pictographic output 
complexity (e.g., 
simple vs 
advanced) to align 
with user 
capabilities. 

Modulates verbal 
descriptions to suit 
the user’s emotional 
context and reading 
level. 

Accommodates a 
range of input 
modalities, 
including voice, 
touch, and eye-
tracking. 

2. Skills 

Automated 
Real-Time 
Support 

Provides real-time 
generation of 
pictograms from 
typed or spoken 
input. 

Offers real-time text-
to-speech (TTS) or 
Optical Character 
Recognition (OCR) 
for material 
description. 

Executes device 
commands via real-
time voice 
recognition. 

Sentiment 
Analysis, 
Entity 
Recognition 
(NER), 
Conversational 
Agents. The 
multimodal 
vision AI is 
included for 
picture 
recognition. 

Lessen 
Communication 
Barrier 

Facilitates the 
rapid expression of 
needs (e.g., health, 
academic requests) 
through visual 
cues. 

Articulates 
descriptions of visual 
surroundings or text-
based information for 
visually impaired 
students. 

Transforms partial 
or limited speech 
into coherent, fully 
understandable 
output. 

3. Motivation 

Enhance 
Engagement 
and 
Participation 

Promotes 
independent 
interaction in 
group settings 
through the use of 
pictogram boards. 

Fosters active 
participation in 
reading, navigation, 
and lectures via 
integrated audio 
support. 

Enhances user 
autonomy in 
performing 
academic tasks, 
such as submitting 
assignments through 
voice commands. 

Sentiment 
Analysis, 
Entity 
Recognition, 
Conversational 
Agents. The 
multimodal 
vision AI is 
included for 
picture 
recognition. 

Institutional 
Incentive for 
Implementation 

Features low-cost, 
scalable systems 
that permit 
straightforward 
integration across 
departments. 

Encourages 
widespread adoption 
by ensuring high 
accessibility and a 
minimal learning 
curve. 

Reduces the burden 
on support staff, 
thereby increasing 
the feasibility of 
implementation. 
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Table 1 shows how the Digital Inclusion Model 
shapes the inclusive design principles for the 
disability specific needs and NLP technology 
choices. This will ensure that the solutions are both 
human-centered and give proper results.  

 
 
 
 
 

4.3.2. Technology Organization–Environment (TOE) 
Framework Building 

 
The proposed framework incorporates the TOE 

framework to complement the Digital Inclusion 
Model by integrating its three dimensions for the 
institutional feasibility validation that will help to 
check the validity of the framework implementation 
feasibility by the institution [9].  The details on the 
mapping of the dimension for the proposed 
framework are as follows: 

 
Table 2. Mapping from Technology Organization–Environment (TOE) to Disability Framework 
 

TOE Factor Impact on 
Implementation 

Non-Verbal 
Communication 
(Pictograms) 

Verbal-Based 
Communication 
(Visual Impairment) 

Assistive 
Communication Tech 
(Physical/Motor 
Impairment) 

1. Technological    
Factors 

Pertains to the 
availability and 
seamless 
integration of AI 
tools within 
existing 
institutional 
systems. 

Simple pictogram tools 
are designed for 
straightforward 
integration with existing 
LMS and mobile 
platforms. Underlying 
NLP models (e.g., entity 
recognition) map text to 
images, facilitated by 
simple API integration.  
The multimodal vision 
AI is included in picture 
recognition. 

Text-to-speech (TTS) 
and OCR applications 
integrate easily with 
digital content 
platforms. NLP 
components, such as 
sentiment and entity 
recognition, enhance the 
quality and context-
awareness of generated 
audio. 

Voice and gesture 
recognition tools are 
compatible with 
standard mobile and 
desktop operating 
environments. Core 
NLP technologies like 
chatbots and voice 
control protocols enable 
hands-free device 
operation. 

2. Organizational 
Readiness 

Concerns the level 
of institutional 
support, staffing 
capabilities, and 
interdepartmental 
coordination. 

Disability support 
centers can manage and 
curate symbol libraries 
while assisting with 
user adoption. User 
training and support can 
be efficiently delivered 
through existing student 
support offices. 

Library services and 
academic staff can 
collaborate to support 
visual-to-audio content 
conversion workflows. 
This promotes 
collaboration between 
faculty and content 
delivery teams to ensure 
accessibility. 

Requires coordination 
with IT and facilities 
management to 
configure smart 
environments, such as 
voice-enabled 
classrooms. Fosters a 
team-based 
implementation model 
involving academic, IT, 
and disability service 
units. 

3. Environmental 
Conditions 

Relates to external 
regulations, 
internal policy 
alignment, and the 
prevailing 
institutional 
culture regarding 
inclusion. 

Aligns directly with 
inclusive education 
mandates; low-cost 
options facilitate 
broader institutional 
adoption. Requires 
minimal infrastructural 
changes, which aids in 
achieving rapid policy 
compliance. 

Supports compliance 
with accessibility laws 
by providing alternative 
formats for digital 
content. Encourages the 
development of 
accessible syllabus 
designs and the curation 
of inclusive digital 
libraries. 

Visibly demonstrates 
institutional 
commitment to 
inclusivity through 
independence-enabling 
technologies. Reinforces 
national disability 
inclusion policies by 
empowering students 
through technology. 

 
Table 2 shows how TOE to NLP-AI Mapping 

from connecting each TOE dimension to the field 
implementation requirements of the three disability-
support tool types on the framework. The three 
dimensions from the TOE align with each of the 
three disability types.  

 
 
 

 
4.3.3. The Proposed NLP Multimodal AI for Inclusion 

Framework Design 
 

Using the combination of dual framework as has 
been explained before, with the connection of NLP 
component and three types of proposed disabilities, 
the proposed framework NLP design is built as 
follows: 
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Sentiment 
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Entity
Recogniton (NER)

Conversational
Agents

Normal Student/Staff

Natural Language 
Understanding 

(NLU)

Natural Language Processing Bridging (BERT Preferred)

Access  Reduce/replace 
manual input/navigation and 

Personalized interaction 
with adaptability in 

communication

Skills  Adapt tools based 
on the emotional tone/

needs and Automated real-
time support to lessen the 

communication barrier

Motivation  Intelligence 
Guidance for simplifying 

the interaction and 
Enhance the participation 

engagement  

Non-Verbal 
Communication 

(Pictogram)

Verbal-Based 
Communication for 
Visual Impairment

Assistive 
Communication 
Technologies for 

Physical Impaired and 
Other 

Technological Readiness
(Availability and Integration)

Environmental Fit
(Regulation and Policy) Organizational Support

(Institutional and Coordination)

Multimodal Vision

 
 

Figure 2. Proposed NLP AI framework design 

Figure 2 shows the model framework 
implementation of NLP AI to support the 
involvement of students with disabilities in campus 
activities. Since disability itself is very broad, this 
framework limits the type mainly to three groups of 
disability types that could represent most disabled 
students on campus. The framework combines the 
aspects from the Digital Inclusion model for its 
usability design, and the Technology Organization–
Environment (TOE) model for the deployment 
feasibility, which is focused on the user-centered 
technology adoption to increase their engagement 
[23]. In this proposed framework, NLP bridges 
existing Natural Language Understanding (NLU) 
systems, making communication easier between 
individuals with disabilities and non-disabled people, 
as NLP with a multimodal vision helps simplify the 
NLU process to approximate general communication 
according to the type of disability. As has been 
mentioned before, BERT is currently the best engine 
for this task and should be used.  

 

The NLU addition system used can be anything, 
inline, or best suited to the current / already 
implemented academic system. From Google Dialog 
flow, Rasa NLU, Microsoft LUIS (Language 
Understanding Intelligent Service), or maybe their 
built-in system if the academic already has one. 

 
4.4. Proposed Framework SEM Design 

 
Using the proposed framework design, the model 

for the SEM analysis is developed as follows: 
 

4.4.1. Hypothesis Building 
 
There are eight hypotheses created for the 

framework model as follows: 
 

H1: Access positively influences Perceived 
Effectiveness. 

 

Access is a fundamental element in the model. It 
makes the disabled student more likely to perceive 
the framework as an effective solution in supporting 
academic tasks.  
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The absence of physical, technological, or 
procedural barriers enhances user satisfaction and 
promotes a sense of autonomy, which directly 
contributes to the perceived value and functionality 
of the technology [24]. 

 

H2: Skills positively influence Perceived 
Effectiveness. 

 

Digital skills are essential for bringing out the best 
output from the assistive technologies. Students who 
possess the ability to operate NLP-AI tools with 
confidence, or who find the tools intuitive and easy 
to learn, will tend to perceive the technology as more 
effective. When tools are adapted to match the skill 
capacity of those with disabilities, their functional 
value increases [25].  

 

H3: Motivation positively influences Perceived 
Effectiveness. 

 

Motivation plays an important role in determining 
how students engage with assistive technologies. 
This engagement deepens their experience and leads 
to a higher perception of effectiveness, as they begin 
to associate the tools with real improvements [26]. 

 

H4: Technological Readiness positively influences 
Intention to Use. 

 

Technological readiness refers to the availability, 
compatibility, and capacity of the institution’s IT 
infrastructure. When campuses have systems that 
support the seamless integration of NLP-AI tools, 
students feel more confident in adopting and 
continuing to use them [27]. 

 

H5: Organizational Support positively influences 
Intention to Use. 

 

Organizational support includes administrative 
backing, support services, and institutional policies 
that promote the use of assistive technologies. When 
students perceive that their university actively 
supports disability inclusion through structured 
programs and resources, they are more likely to trust 
and adopt tools like NLP-AI systems [28]. 

 

H6: Environmental Fit positively influences 
Perceived Effectiveness. 

 

Environmental fit encompasses the alignment 
between external forces, such as policies, attitudes in 
society, and campus culture, on the implementation 
of inclusive technologies. Supportive environments 
reduce stigma, encourage usage, and affirm the 
relevance of technological solutions within the 
student’s academic and social context [29]. 

 

H7: Environmental Fit positively influences 
Intention to Use. 

 
 

A supportive environment consists of supportive 
national regulations, institutional culture, and societal 
expectations that create a climate where students feel 
safe and encouraged to use assistive technologies. 
When the university ecosystem values inclusion and 
provides visible encouragement for technological 
solutions, students are more inclined to engage with 
and sustain the use of NLP-AI tools [30]. 

 

H8: Perceived Effectiveness positively influences 
Intention to Use. 

 

Perceived effectiveness acts as a bridge between 
experience and future behavior. When students 
believe that NLP-AI tools could help them overcome 
communication or learning barriers, they are more 
likely to continue using them [8]. 

 
4.4.2. SEM Model 

 
Based on the hypothesis and the framework 

model, the SEM model for analysis is then built as 
follows: 

 

 
 

Figure 3. SEM model from AMOS SPSS 
 
Figure 3 explains the SEM model, the variables 

Access, Skills, and Motivation from the dimensions 
are connected with the Perceived Effectiveness. The 
variables Technology, Organizational, and 
Environment from TOE are connected with the 
Intention of Use. The Environment variable is also 
connected with the Perceived Effectiveness. The 
SEM model developed represents the proposed NLP-
AI framework model with the dual theoretical 
framework components (Digital Inclusion Model and 
TOE) referenced with their variable, also depicted in 
the proposed hypothesis. 

The indicators used for each of the variables in the 
SEM are as follows: 
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Table 3. SEM indicator 
 

No. Variable Label Indicator Indicator Label 

1 Access [24] 

I can easily access NLP-AI tools for my academic 
activities. AC1 

The NLP-AI tools are available to support my learning at 
any time I need AC2 

I face no difficulty in finding or using assistive technology 
on campus. AC3 

2 Skills [25] 

I feel confident in my ability to use NLP-AI tools 
effectively SK1 

I can learn to use assistive technologies without much 
difficulty. SK2 

The NLP-AI tools are user-friendly for someone with my 
level of skill. SK3 

3 Motivation [26] 

I am motivated to use NLP-AI tools to enhance my 
academic participation. MO1 

Using assistive technology helps me feel more included in 
campus life. MO2 

I believe NLP-AI tools will help reduce the barriers I face 
in learning. MO3 

4 Technology [27] 

My campus has the necessary infrastructure to support 
NLP-AI tools. TR1 

Technological systems on campus are compatible with 
assistive tools. TR2 

There are reliable technical resources to support the 
implementation of NLP-AI. TR3 

5 Organizational [28] 

My university provides strong institutional support for 
disability tools OR1 

There are policies and programs in place to help students 
with disabilities use technology. OR2 

My academic institution actively promotes inclusion 
through technology OR3 

6 Environmental [10], [29] 

University policies encourage the use of assistive 
technologies for disabled students. EN1 

The campus culture supports digital accessibility and 
inclusion. EN2 

There are national or local regulations that support 
inclusive technology use. EN3 

7 Perceived Effectiveness 
(PE) [30] 

I believe that NLP-AI tools can improve my academic 
performance. PE1 

Using NLP-AI tools helps me engage more effectively in 
academic activities. PE2 

I find NLP-AI tools effective in overcoming my 
communication barriers. PE3 

8 Intention to Use (IU) [8] 

I am willing to use NLP-AI assistive tools in my academic 
activities. IU1 

I intend to use the NLP-AI tools when they are available at 
my university. IU2 

I feel confident that NLP-AI tools will work effectively 
within my university’s support system. IU3 

I would continue using NLP-AI tools if they prove effective 
in supporting my learning needs. IU4 

 
Each of the variables and indicators in Table 3 

corresponds to the proposed hypothesis and the 
proposed NLP AI model framework. 

 
 
 
 

 
4.5.  Data Survey Results and Demography 

 
The data gathered for the SEM analysis comes 

from a range of 83 disabled students from academic 
institutions across Indonesia. The demographics of 
the survey participants and the analysis are as 
follows: 



TEM Journal. Volume 15, Issue 2, pages 1465-1479, ISSN 2217-8309, DOI: 10.18421/TEM152-43, May 2026. 
 

TEM Journal – Volume 15 / Number 2 / 2026.                                                                                                                             1475 

 
 

Figure 4. Survey respondent demography frequency 
 

Figure 4 shows the demographics of disabled 
students who participated in the survey. Many of 
them are from state-owned universities and the Java 
area because the nature of the difficulty in obtaining 
data from disabled student due to their constraint. 
The Questionnaires could not be simply distributed 
because of the students’ limitations. Instead, the 
student body assisted in collecting the responses.  

4.6. SEM Analysis 
 
From the SEM analysis, the results can be seen as 

follows:  
A. Model validation: For the model validation, the 

following parameters were used, with each of the 
values shown in Table 4: 

 

 
Table 4. Model fit 

 

No Indicator Value 
1 Chi-Square (simulated) 130,28 
2 CFI (approximately) 0,949 
3 RMSEA (approx) 0,065 
4 SRMR (approx) 0,076 

 
The Chi-Square is roughly at ≈ 130, which is still 

the cut-off value of 165 (df=55), so the model has an 
acceptable fit. For the CFI, it has a value of 0,949, 
which is over the acceptable threshold (≥ 0.90). The 
RMSEA value is below the threshold of < 0.08, 
which is acceptable. Meanwhile, the SRMR value is 
still acceptable, which is < 0.08. 

B. Variable construct Validation and Reliability: 
For the variable validation, the Factor loadings, t-
values of factor loadings, Cronbach’s alpha (α), C.R., 
and AVE for the variable are used, with each of their 
values can be seen in Table 5. 

 

 
Table 5. Variable validation and reliability check 

 

No Variable AVE CR AVE ≥0.5 CR ≥0.7 Cronbach’s 
alpha 

1 Access 0,588 0,801 TRUE TRUE 0,821 
2 Skills 0,647 0,840 TRUE TRUE 0,830 
3 Motivation 0,514 0,738 TRUE TRUE 0,756 

4 Technological 
Readiness 0,571 0,706 TRUE TRUE 0,735 

5 Organizational 
Support 0,602 0,721 TRUE TRUE 0,737 

6 Environmental Fit 0,581 0,704 TRUE TRUE 0,704 

7 Perceived 
Effectiveness 0,587 0,714 TRUE TRUE 0,732 

8 Intention to Use 0,585 0,716 TRUE TRUE 0,746 
  

0
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20
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40
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70
80
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College Year Sex University Location College Type Disability Type
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The values of the Access, Skills, and Motivation 
all have AVE ≥ 0.5 and CR ≥ 0.7. It shows validity 
and reliable measurement. The Cronbach’s alpha 
analysis shows that all constructs are reliable. 

C. Regression validation and connection with the 
Hypothesis: The regression analysis from the SEM 
model is presented in Table 6 as follows: 

 
Table 6. SEM regression analysis 
 

No Hypotheses Estimate S.E. C.R. P Support Loading 
Factor 

1 H1: Access → Perceived 
Effectiveness 0,371 0,081 4,589 *** Supported 0,857 

2 H2: Skills → Perceived 
Effectiveness 0,190 0,078 2,451 0,0176 Supported 0,864 

3 H3: Motivation → 
Perceived Effectiveness 0,178 0,084 2,242 0,0361 Supported 0,821 

4 
H4: Technological 

Readiness → Intention to 
Use 

0,283 0,085 3,316 0,0014 Supported 0,808 

5 
H5: Organizational 

Support → Intention to 
Use 

0,184 0,089 1,994 0,0456 Supported 0,807 

6 H6: Environmental Fit → 
Perceived Effectiveness 0,342 0,091 3,728 *** Supported 0,792 

7 H7: Environmental Fit → 
Intention to Use 0,256 0,098 2,408 0,0109 Supported 0,792 

8 
H8: Perceived 

Effectiveness → 
Intention to Use 

0,124 0,091 1,985 0,0488 Supported 0,816 

 
From Table 6, all Estimate (β= Standardized 

Coefficient) values are> 0, which means a positive 
relationship for all of the hypotheses.  For the loading 
factor, all the variable has a loading factor >0,7, 
which suggests that the data supporting the 
hypothesis structure is good. Each of those who have 
a C.R. value>1.96 means it has significance with the 
probability of 0.05 (p<0,05), and if the value is 
greater than 2.56 means it has significance with the 
probability of 0,01 (p<0,01).  

The SEM results are in line with the proposed 
NLP AI framework and qualitative findings. The 
Access to Perceived Effectiveness (H1) and 
Environmental Fit to Perceived Effectiveness (H6) 
are strongly supported. The H1 shows the importance 
of ensuring the disability students with disabilities 
have both physical and digital access to NLP tools. 
This will significantly shape their perception of the 
tools’ effectiveness. The H6 revealed that institutions 
with inclusive cultures and supportive environments 
help reduce social barriers for students with 
disabilities. Both hypotheses are in line with the 
interview results from qualitative analysis, thus 
further validating this finding. The Skills to 
Perceived Effectiveness (H2) is also supported. It 
highlights how student competency and ease of use 
are crucial for engaging with the technology, in line 
with previous research that shows usability as a key 
factor.  

 

Likewise, Motivation to Perceived Effectiveness 
(H3) was also supported, which shows that personal 
drive and engagement play a vital role in how 
consistently students use assistive technologies. This 
is also pointed out in the student interview results. 
For the TOE factor, the Technological Readiness to 
Intention to Use (H4) shows that it is supported. So, 
when institutions have enough supportive 
infrastructure and compatible systems in place, 
students are more likely to adopt the NLP-AI 
framework. The Organizational Support to Intention 
to Use (H5) is also supported. It reflects a gap 
between institutional policy and students’ lived 
experiences. Many disabled students do not feel 
supported despite official initiatives. The 
Environmental Fit to Intention to Use (H7) is 
supported. It shows how cultural and policy support 
increase usage intention, thus directly helping the 
NLP AI implementation adoption. The last is 
Perceived Effectiveness influencing Intention to Use 
(H8), which is also supported, suggesting that under 
limited resources, factors like infrastructure and 
cultural fit are more important than personal 
perceptions when it comes to deciding whether or not 
to use the new technology. 
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5. Discussion 
 

The research aligns with prior literature that 
indicates NLP AI tools have a high potential to 
improve the participation of disabled students in their 
academic activities by providing customized and 
accessible solutions.  

While the importance of implementation 
strategies has been stressed [4], [6], this study 
highlights the additional challenge of awareness and 
interdepartmental fragmentation. Contrary to the 
argument in previous studies [25] that AI’s success 
in education depends on digital literacy, this research 
finding suggests that institutional readiness and 
systemic support play more critical roles, especially 
in a low-resource environment. 

The SEM analysis shows that access, skills, and 
motivation significantly influence Perceived 
Effectiveness, confirming the core constructs of the 
Digital Inclusion model (H1, H2, H3). It shaped how 
students perceive the effectiveness of NLP-AI tools. 
This is also in line with the student interview results, 
where students emphasized the importance of 
accessible tools, ease of learning, and motivational 
support as enablers for engaging in academic 
activities. For example, students with visual and 
speech impairments show excitement and express 
enthusiasm for symbol-based and conversational 
agent tools. These types of technologies, when 
thoughtfully designed, could bridge the 
communication barriers. This is consistent with the 
findings that highlight the importance of digital 
literacy and inclusive access in enhancing student 
participation [25]. 

In addition, the analysis found that both 
technological readiness and environmental fit 
influence students’ intention to use these tools (H4, 
H5, H7), validating part of the Technology–
Organization–Environment (TOE) Framework. 
Students and university staff acknowledged that 
while many institutions do have the necessary 
technological infrastructure, it’s not properly utilized 
to support inclusive education. Existing regulations 
do promote inclusive education, which could create 
a potentially supportive environment that is 
conducive to implementation. But for now, there’s 
still a noticeable gap when it comes to real support 
implementation, especially in weak policy 
execution. 

Organizational Support affects Perceived 
Effectiveness (H6) is also supported. This aligns 
with feedback from administrators and student body 
interviews, which pointed out fragmented 
coordination between departments in supporting the 
inclusive initiative and limited resources as major 
barriers to broader adoption.  

Although this research result is in line with other 
studies that show many universities in Southeast 
Asia have struggled with practical implementation 
[31], this study differs by pointing out that currently, 
they still have difficulty in their implementation, 
even though they have enough supporting ICT 
resources.  This is due to misaligned priorities and 
limited stakeholder involvement, which makes the 
actual support remain fragmented or inconsistently 
enforced. 

One of the important findings is from is 
Perceived Effectiveness affects the Intention to Use 
(H8). It shows that even when students believe these 
tools are effective, it doesn’t guarantee their usage. 
Because of systemic and institutional challenges, it 
can prevent the actual adoption for the disabled 
student. This shows that developing technical 
solutions is not enough. Without the right design, 
support, and policies in place, even the promising 
tools can become unusable. A similar study’s 
finding shows that disability policies were often 
symbolic and lacked actual, useful implementation, 
leading to low adoption of inclusive support [32].  

Altogether, the mixed-methods findings highlight 
that while students are ready and the technology is 
capable, there is still change needed. Institutions 
must focus on restructuring the support systems, 
ensuring that the policies are aligned, and building 
cohesive organizational collaboration. This is to 
ensure that the implemented support could better 
help disabled student in their academic activity.  

The dual framework with the mixed-methods 
approach used in this research contributes to 
showing how combining thorough qualitative 
insights, complemented with structured quantitative 
validation, can give a more holistic and in-depth 
understanding of complex issues in inclusive 
education. 

 
6. Conclusion 
 

The integration of SEM statistical results and 
qualitative interviews from this mixed-methods study 
gives insight that the success of such a framework 
cannot be determined by technology alone. The 
proposed NLP-based AI framework offers a practical 
solution that could address these limitations by 
offering a design framework that accommodates 
various types of impairments. Grounded in the 
Digital Inclusion Model as one of the references. 
And evaluated through the Technology–
Organization–Environment (TOE) framework, it 
shows the gaps between institutional policies and 
their practical implementation. 
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The analysis shows that the Access and 
Environmental Fit shows strong importance in 
affecting the Perceived Effectiveness, which means 
that the digital and physical access can be greatly 
supported with a proper, inclusive culture, a 
supportive environment, and the right policy support. 
It helps in the NLP AI implementation and reduces 
social barriers for students with disabilities. This is in 
line with the interview results and findings from 
another similar research. For the full benefit of the 
NLP AI implementation in inclusive education, 
institutions need to think more than just developing 
good tools. The study findings confirm that the 
challenge lies more in the governance and 
institutional coordination, instead of just a 
technological difficulty. 

This research is limited to students with 
disabilities from selected universities in Indonesia 
and Malaysia, mainly involving the state-owned 
campuses. Due to time, resources, and difficulty in 
obtaining the participant data, the study only covers 
three disabilities. Other types, such as cognitive, 
mental health, or other related health conditions, 
were omitted. Additionally, the findings may not 
fully represent the situation in other regions or 
developing countries without further validation and 
adjustments. The relatively small number of 
participants in both the interviews and the SEM 
survey also limits the extent to which these results 
can be generalized to larger populations. 

The findings suggest that the NLP AI framework 
can improve engagement of students with 
disabilities if supported by institutional readiness 
and inclusive policies. Universities in developing 
countries should prioritize technological 
infrastructure and inclusive policies to improve 
adoption. Future research should expand the 
framework to include underrepresented disabilities, 
especially mental health conditions like Autism 
Spectrum Disorder (ASD), and assess real-world 
applications. 

This study has several limitations. First, the scope 
was limited to three disability categories, which are 
visual, hearing, and physical impairments. Second, 
the sample size was modest and geographically 
restricted. Third, interviews were conducted without 
specialized disability experts, which may have 
limited the depth of the qualitative findings. These 
limitations should be addressed in future research.  
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