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Abstract 

The rapid expansion of digital learning environments has transformed higher education by 

enhancing instructional delivery, expanding educational access, and promoting learner 

participation. In Nigeria, the increasing adoption of distance education has created opportunities 

to extend higher education to geographically dispersed and underserved populations. Despite 

these advancements, multilingual learners with disabilities continue to encounter significant 

barriers related to communication, language diversity, accessibility, and equitable participation 

in online learning environments. Speech recognition technologies have emerged as promising 

assistive tools capable of supporting inclusive e-learning through speech-to-text transcription, 

real-time captioning, and voice-enabled interaction.  

This paper explores the integration of speech recognition technologies to support inclusive e-

learning for multilingual Nigerian distance learners with disabilities. The study adopts an 

integrative literature review approach, drawing on contemporary scholarly literature, policy 

documents, and empirical studies on speech recognition technologies, assistive technologies, 

inclusive education, multilingual learning, and distance education. While speech recognition 

technologies have considerable potential to improve accessibility, learner engagement, 

communication, and participation, their successful implementation is influenced by several 

interrelated factors, including recognition accuracy, multilingual capability, digital 

infrastructure, institutional readiness, inclusive pedagogical practices, and supportive policy 

frameworks.  
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The paper further argues that effective integration requires coordinated efforts among higher 

education institutions, policymakers, technology developers, and other stakeholders to address 

linguistic diversity, technological inequalities, and accessibility challenges within the Nigerian 

context. It concludes that speech recognition technologies can contribute significantly to inclusive 

e-learning when supported by appropriate infrastructure, inclusive instructional design, and 

sustained institutional commitment to equitable digital education. 

 

Keywords: Speech recognition technologies; inclusive e-learning; multilingual learners; learners 

with disabilities; assistive technology; distance education; Nigerian higher education. 

 

Introduction 

Digital technologies have transformed higher education by reshaping instructional delivery, 

expanding educational access, and increasing opportunities for learner participation. Over the past 

decade, universities and distance education institutions have increasingly adopted e-learning 

technologies to support flexible learning and widen access to higher education. However, research 

on accessible online learning shows that digital learning environments do not automatically 

guarantee inclusion, especially for learners with disabilities, unless accessibility is deliberately 

built into design, delivery, and institutional support systems. Recent global education reports 

similarly emphasise that technology can support access, equity, and inclusion, but may also deepen 

exclusion where infrastructure, accessibility, and learner support are inadequate (UNESCO, 2023; 

Lomellini et al., 2025). 

Speech recognition technologies, commonly referred to as Automatic Speech Recognition (ASR) 

systems, are artificial intelligence applications that convert spoken language into machine-readable 

text through acoustic modelling, language modelling, and deep learning algorithms. These 

technologies have become increasingly important in educational settings because they facilitate 

real-time transcription, voice-based interaction, automated captioning, and hands-free navigation 

of digital learning environments (Jurafsky & Martin, 2025; IBM, 2023). Widely used speech 

recognition applications, including Google Speech-to-Text, Microsoft Azure Speech Services, and 

Otter.ai, have expanded opportunities for accessible learning by enabling learners to interact with 

digital platforms through speech rather than conventional text input. 

For multilingual Nigerian distance learners with disabilities, speech recognition technologies offer 

significant potential to reduce communication barriers and enhance participation in online 
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learning. Learners with physical disabilities that limit keyboard use can employ voice commands 

for text entry and navigation, while learners with hearing impairments may benefit from real-time 

speech-to-text captioning during live lectures and recorded instructional sessions. Furthermore, 

when adapted to multilingual contexts, speech recognition systems can support more inclusive 

communication by accommodating diverse linguistic backgrounds and improving learner 

engagement in digitally mediated learning environments (UNESCO, 2023; Burgstahler, 2021). 

Nevertheless, the educational effectiveness of these technologies depends on their linguistic 

accuracy, accessibility, and alignment with inclusive pedagogical practices. 

 

LITERATURE REVIEW 

Concept of Speech Recognition Technology 

Speech recognition technology, commonly referred to as Automatic Speech Recognition (ASR), 

is an artificial intelligence application that enables computers to convert spoken language into 

machine-readable text. Modern ASR systems integrate acoustic modelling, language modelling, 

and deep neural networks to recognise and transcribe human speech with increasing levels of 

accuracy (Jurafsky & Martin, 2025). Unlike generative artificial intelligence systems such as 

ChatGPT, which generate human-like text in response to prompts, ASR systems are designed 

specifically to recognise spoken language and translate it into written text or executable 

commands. Consequently, speech recognition technologies have become integral components of 

voice-enabled applications, digital assistants, automated captioning systems, and assistive 

technologies. 

Recent advances in deep learning have significantly improved speech recognition performance 

across multiple domains, including healthcare, customer service, and education. Contemporary 

ASR systems such as OpenAI Whisper, Google Speech-to-Text, Microsoft Azure Speech Services, 

and Amazon Transcribe support multilingual speech recognition, automatic caption generation, 

and real-time transcription, making them valuable tools for enhancing accessibility in digital 

learning environments (Radford et al., 2023). Nevertheless, their performance varies considerably 

depending on accent variation, background noise, language diversity, and the availability of high-

quality speech datasets. 

Speech Recognition Technologies and Inclusive Education 



130 

Nojest, 8 of 2, 2026 

 

Inclusive education seeks to ensure equitable participation for all learners by removing barriers 

that restrict access to educational opportunities. Within digital learning environments, assistive 

technologies have become essential tools for supporting learners with disabilities through 

accessible communication, alternative methods of interaction, and personalised learning 

experiences (Burgstahler, 2021). 

Speech recognition technologies contribute to inclusive education by enabling learners to interact 

with digital systems through spoken language rather than conventional text input. For learners with 

physical disabilities affecting typing ability, voice-based interaction improves independence and 

reduces reliance on assistive personnel. Likewise, learners with hearing impairments benefit from 

real-time speech-to-text captioning, which increases access to lectures, online discussions, and 

recorded instructional materials. Studies have demonstrated that captioning significantly improves 

comprehension, information retention, and learner engagement, particularly in online learning 

environments (Kent et al., 2018). 

Beyond disability support, speech recognition technologies also facilitate flexible learning by 

enabling note-taking, automated transcription, voice search, and interactive learning experiences. 

Consequently, ASR should be viewed not merely as an assistive technology but as a broader 

educational technology capable of improving accessibility for diverse learner populations. 

Speech Recognition in Multilingual and Low-Resource Language Contexts 

Although speech recognition technologies have achieved remarkable improvements in recent 

years, their effectiveness remains uneven across multilingual environments. Most commercial 

ASR systems are trained primarily on large English-language datasets originating from North 

America and Europe. As a result, recognition accuracy often declines when users speak with 

regional accents, indigenous languages, or mixed-language speech patterns (Koenecke et al., 

2020). 

This limitation is particularly relevant in multilingual countries such as Nigeria, where English 

frequently coexists with indigenous languages including Yoruba, Hausa, Igbo, and numerous 

minority languages. Learners commonly engage in code-switching and speak English with distinct 

regional accents that differ from those represented in commercial ASR training datasets. 

Consequently, existing speech recognition technologies may generate higher Word Error Rates 

(WER), reducing transcription accuracy and limiting their usefulness in educational contexts. 

Research on African language technologies similarly indicates that low-resource languages remain 
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significantly underrepresented in contemporary ASR development due to limited annotated speech 

corpora, inadequate language resources, and insufficient commercial investment (Nekoto et al., 

2022). These limitations present important challenges for implementing speech recognition 

technologies in multilingual Nigerian distance education. 

Speech Recognition Technologies in Nigerian Distance Education 

Distance education has expanded significantly within Nigeria over the past two decades, 

particularly through the National Open University of Nigeria (NOUN) and other institutions 

offering online and blended learning programmes. The increasing adoption of Learning 

Management Systems and digital instructional platforms has improved access to higher education 

for geographically dispersed learners. However, persistent infrastructural challenges continue to 

constrain effective implementation of digital learning. 

Studies consistently identify unstable electricity supply, poor internet connectivity, limited access 

to digital devices, and inadequate institutional support as major barriers to successful online 

learning within Nigerian higher education (National Universities Commission, 2022; National 

Open University of Nigeria, 2023). For learners with disabilities, these barriers are further 

compounded by limited availability of assistive technologies and insufficient accessibility policies. 

Within this context, speech recognition technologies offer considerable potential to improve 

accessibility by supporting automated captioning, voice-based interaction, and accessible 

communication. However, successful implementation requires institutional investment, language-

sensitive technological adaptation, staff training, and policies that promote inclusive digital 

education. 

 

Research Gap 

Existing literature demonstrates the growing importance of speech recognition technologies for 

improving accessibility within digital learning environments. Nevertheless, several important gaps 

remain. First, most studies have been conducted in technologically advanced countries, limiting 

their applicability to multilingual developing contexts such as Nigeria. Second, relatively little 

research has examined how speech recognition technologies can support multilingual learners with 

disabilities in distance education. Third, current scholarship pays insufficient attention to the 

interaction between linguistic diversity, accessibility, infrastructure, institutional readiness, and 

educational policy in shaping the effectiveness of ASR technologies. This review addresses these 
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gaps by synthesising contemporary evidence on speech recognition technologies and examining 

their implications for inclusive e-learning within Nigerian higher education. 

 

Methodology 

This study adopted an integrative literature review design to examine the role of Automatic 

Speech Recognition (ASR) technologies in promoting inclusive e-learning for multilingual 

Nigerian distance learners with disabilities. An integrative review was considered appropriate 

because it allows for the synthesis of empirical studies, theoretical literature, policy documents, 

and technical reports to provide a comprehensive understanding of emerging educational 

technologies and their application within specific contexts (Torraco, 2005; Snyder, 2019). Unlike 

systematic reviews that are primarily designed to answer narrowly defined research questions, 

integrative reviews facilitate critical analysis and conceptual integration of evidence from diverse 

sources, making them particularly suitable for educational technology research. 

The literature search was conducted using major academic databases, including Scopus, Web of 

Science, ERIC, Google Scholar, and ScienceDirect. These databases were selected because they 

index high-quality peer-reviewed publications in education, educational technology, computer 

science, and accessibility studies. To ensure that the review reflected recent developments in 

speech recognition technologies, particularly advances driven by deep learning and neural-network 

architectures, the search focused primarily on studies published between 2020 and 2025. Earlier 

seminal publications were included where necessary to provide conceptual or theoretical 

foundations. 

The search strategy combined keywords and Boolean operators to maximise retrieval of relevant 

studies. Search terms included "automatic speech recognition", "speech recognition technology", 

"speech-to-text", "inclusive e-learning", "assistive technology", "distance education", "learners 

with disabilities", "multilingual education", "low-resource languages", "African languages", and 

"Nigeria". Additional manual searches of reference lists were undertaken to identify relevant 

publications that were not retrieved during the initial database search. 

To ensure relevance, studies were included if they: (i) focused on speech recognition or speech-

to-text technologies; (ii) examined educational applications, accessibility, or assistive 

technologies; (iii) addressed multilingual learning, disability inclusion, or distance education; or 

(iv) discussed speech recognition in low-resource or African language contexts. Publications that 
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focused exclusively on generative artificial intelligence, large language models, or conversational 

AI without direct relevance to speech recognition were excluded. Non-scholarly publications 

lacking sufficient methodological or conceptual rigour were also excluded, except where official 

policy documents from recognised organisations such as UNESCO, the National Universities 

Commission (NUC), or the National Open University of Nigeria (NOUN) were used to provide 

contextual information. 

Following the screening process, the selected literature was analysed using a thematic synthesis 

approach. The reviewed studies were examined to identify recurring themes relating to the 

educational benefits of speech recognition technologies, accessibility for learners with disabilities, 

multilingual and low-resource language challenges, infrastructural and institutional barriers, and 

strategies for integrating ASR into inclusive e-learning environments. The synthesis focused on 

identifying patterns, areas of agreement, emerging debates, and gaps within the existing literature 

rather than merely summarising individual studies. This analytical approach enabled the 

development of a comprehensive understanding of the opportunities and challenges associated 

with implementing speech recognition technologies within Nigerian distance education. 

Critical Discussion 

Educational Value of Automatic Speech Recognition for Inclusive E-learning 

The reviewed literature consistently demonstrates that Automatic Speech Recognition (ASR) 

technologies have the potential to improve accessibility and participation within digital learning 

environments. Unlike conventional assistive technologies that often address a single accessibility 

challenge, ASR supports multiple dimensions of learning simultaneously by facilitating speech-

to-text transcription, automated captioning, voice-enabled interaction, and improved 

communication between learners and digital learning platforms. Consequently, ASR should be 

viewed not merely as a technological innovation but as an accessibility-enabling technology 

capable of supporting inclusive educational participation. 

The educational benefits identified across the literature extend beyond learners with disabilities. 

While learners with hearing impairments benefit from real-time captioning and learners with 

physical disabilities gain greater independence through voice-based interaction, multilingual 

learners, second-language learners, and learners studying in noisy environments also benefit from 

improved access to instructional content (Kent et al., 2018). This finding suggests that ASR aligns 

closely with Universal Design for Learning by creating learning environments that are accessible 
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to diverse learner populations rather than targeting only specific disability groups (CAST, 2024). 

Accordingly, the educational value of ASR lies in its capacity to enhance flexibility, learner 

autonomy, and equitable participation across diverse educational contexts. 

Linguistic Diversity as the Major Constraint to ASR Adoption 

Although contemporary ASR systems have achieved remarkable improvements in recognition 

accuracy, the literature indicates that their performance remains uneven across multilingual 

educational environments. This limitation represents one of the most significant challenges for 

implementing speech recognition technologies within Nigeria. Most commercial ASR systems 

have been trained predominantly using high-resource English-language datasets originating from 

North America and Europe. Consequently, speech recognition accuracy declines considerably 

when users speak with regional accents, indigenous languages, or code-switched speech patterns 

(Koenecke et al., 2020). These findings suggest that technological advancement alone cannot 

guarantee educational inclusion. Rather, accessibility depends on the extent to which ASR systems 

are capable of recognising the linguistic diversity that characterises multilingual educational 

contexts. 

For Nigeria, this issue is particularly significant because learners routinely combine English with 

indigenous languages during classroom communication. Existing commercial ASR systems 

frequently demonstrate limited sensitivity to these multilingual speech patterns, thereby increasing 

transcription errors and reducing accessibility for learners who depend on speech recognition 

technologies. Consequently, improving multilingual speech datasets should be regarded as an 

educational priority rather than solely a technological objective. 

Institutional Readiness Determines Successful Implementation 

The literature further demonstrates that institutional readiness exerts substantial influence on the 

successful adoption of ASR technologies. Although technological capability has received 

considerable scholarly attention, comparatively fewer studies examine the organisational 

conditions required for sustainable implementation. Within Nigerian higher education, 

institutional readiness encompasses digital infrastructure, internet connectivity, electricity 

reliability, staff digital competence, accessibility policies, funding, and technical support. National 

reports consistently identify infrastructural deficiencies as continuing barriers to effective online 

learning (National Universities Commission, 2022; National Open University of Nigeria, 2023). 
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These findings indicate that introducing ASR technologies without corresponding institutional 

investment is unlikely to produce meaningful improvements in educational accessibility. 

Equally important is lecturer preparedness. Speech recognition technologies are most effective 

when integrated within pedagogically appropriate learning activities rather than being introduced 

as standalone technological tools. Professional development programmes focusing on accessible 

instructional design, digital assessment, and inclusive pedagogy therefore represent essential 

components of successful ASR implementation. 

Towards a Framework for Integrating ASR into Inclusive E-learning 

A significant finding emerging from this review is that successful implementation of Automatic 

Speech Recognition technologies depends upon the interaction of multiple educational, 

technological, and institutional factors rather than any single variable. Existing studies frequently 

examine these factors independently, resulting in fragmented understanding of how inclusive 

digital learning can be achieved within multilingual educational environments. 

Based on the reviewed evidence, this paper proposes a conceptual framework comprising five 

interdependent dimensions represented in Fig.1 

1. Technological Capability, including transcription accuracy, multilingual functionality, 

and system reliability; 

2. Linguistic Adaptability, referring to the capacity of ASR systems to recognise diverse 

accents, indigenous languages, and code-switched speech; 

3. Institutional Readiness, encompassing infrastructure, technical support, staff 

development, and funding; 

4. Inclusive Pedagogy, involving accessible instructional design, Universal Design for 

Learning principles, and learner-centred teaching practices; and 

5. Policy and Governance, including institutional accessibility policies, disability 

legislation, quality assurance mechanisms, and national digital education strategies. 

The framework proposes that meaningful implementation occurs only when these dimensions 

operate simultaneously. Weakness within any single dimension may substantially reduce the 

effectiveness of speech recognition technologies regardless of technological sophistication. 
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Fig 1: Conceptual Framework for Integrating Speech Recognition Technologies into Inclusive E-

learning for Multilingual Nigerian Distance Learners with Disabilities.

Source: Authors' conceptualisation based on the synthesis of Burgstahler (2021), Kent et al. 

(2018), Koenecke et al. (2020), Nekoto et al. (2022), UNESCO (2021, 2023), Williamson and 

Eynon (2020), and the reviewed literature. 

Implications for Policy and Practice 

The findings of this review have important implications for policymakers, university 

administrators, educational technologists, and software developers. Government agencies 

responsible for higher education should integrate speech recognition technologies within broader 

national digital inclusion strategies while encouraging institutional compliance with accessibility 

standards. 

Higher education institutions should prioritise investments in accessible learning management 

systems, multilingual speech recognition technologies, lecturer professional development, and 

technical support services. Furthermore, technology developers should collaborate with 

universities, linguists, and disability organisations to develop speech recognition systems capable 

of recognising Nigerian English varieties and indigenous languages more accurately. 

Future research should move beyond conceptual discussions towards empirical investigations 

examining learner outcomes, recognition accuracy, usability, and long-term educational impacts 

of ASR implementation within multilingual Nigerian higher education. 
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Conclusion 

The review demonstrates that ASR technologies possess considerable potential to improve 

accessibility by enabling speech-to-text transcription, real-time captioning, voice-based 

interaction, and enhanced communication within online learning environments. These 

technologies can promote learner autonomy, improve engagement, and support inclusive 

participation when appropriately integrated into teaching and learning processes. Nevertheless, the 

effectiveness of ASR is influenced by several interrelated factors, including recognition accuracy, 

multilingual capability, institutional readiness, digital infrastructure, lecturer competence, and 

supportive accessibility policies. 

A major finding of this review is that the successful implementation of ASR technologies extends 

beyond technological innovation alone. Sustainable integration requires coordinated efforts 

involving educational institutions, policymakers, technology developers, and disability advocates 

to create inclusive digital learning ecosystems. In multilingual contexts such as Nigeria, particular 

attention must be given to developing speech recognition systems capable of recognising Nigerian 

English varieties, indigenous languages, and code-switched speech to ensure equitable educational 

access. 

The review further proposes a conceptual framework that positions technological capability, 

linguistic adaptability, institutional readiness, inclusive pedagogy, and policy support as 

interdependent determinants of successful ASR implementation. This framework contributes to 

existing scholarship by providing a holistic perspective for understanding the conditions necessary 

for integrating speech recognition technologies into inclusive e-learning within multilingual higher 

education contexts. 

Although this review provides important conceptual insights, it is limited by the relatively small 

body of empirical research examining the implementation of ASR technologies within Nigerian 

higher education. Future research should therefore prioritise empirical investigations that evaluate 

the educational effectiveness, usability, and accessibility of ASR systems across different 

disability groups, educational settings, and indigenous language contexts. 
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Recommendations 

Based on the findings of this review, the following recommendations are proposed: 

1. Higher education institutions should integrate Automatic Speech Recognition 

technologies into their Learning Management Systems (LMS) to improve accessibility for 

multilingual learners with disabilities through features such as real-time captioning, 

speech-to-text transcription, and voice-enabled interaction. 

2. The National Universities Commission (NUC) and other relevant regulatory agencies 

should develop comprehensive national guidelines and accessibility standards for the 

adoption of ASR technologies in higher education to promote inclusive digital learning. 

3. Government and institutional stakeholders should invest in digital infrastructure, 

including reliable internet connectivity, stable electricity supply, cloud-based learning 

technologies, and accessible digital platforms, to support the effective implementation of 

ASR-enabled learning environments. 

4. Technology developers and Artificial Intelligence researchers should collaborate with 

linguists, educational technologists, and disability specialists to develop multilingual ASR 

systems capable of recognising Nigerian English, indigenous languages, regional accents, 

and code-switched speech with improved accuracy. 

5. Universities and distance learning institutions should provide continuous professional 

development programmes for lecturers, instructional designers, and technical support staff 

on the pedagogical integration of ASR technologies, inclusive instructional design, and 

Universal Design for Learning (UDL) principles. 

6. Institutional policies should ensure that accessibility considerations are incorporated into 

the procurement, deployment, and evaluation of educational technologies, with particular 

emphasis on learners with disabilities and other vulnerable learner groups. 
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