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Abstract - The National Education Policy 2020 highlights inclusive and technology-driven education for children with disabilities in India. While policy reforms are in place, major challenges are remaining that impact inclusive education, especially in government schools, including accessibility, communication, infrastructure and teacher preparation. The aim of the study is to explore the potential of Artificial Intelligence (AI) assistive technologies for inclusive learning, namely computer vision and speech recognition systems. This paper examines the potential for using AI technologies such as object recognition, speech-to-text conversion, OCR, and multilingual learning platforms to enhance educational accessibility for children with visual, hearing, speech and cognitive disabilities. It also analyzes potential challenges in implementation, such as the digital divide, financial considerations, ethical issues, and readiness of institutions. The study suggests a policy-driven roadmap in the direction of NEP 2020 that can help in providing equitable and accessible AI-driven education in Indian schools.
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I. Introduction

The global education industry is experiencing a dramatic shift due to the rise of Artificial Intelligence (AI) with the development of intelligent learning systems, adaptive learning platforms and assistive technologies to enhance access and results for learning [1]. The relevance of AI based education has gained considerable traction in India since the introduction of National Education Policy 2020, wherein inclusive and equitable technology based learning environment for Children with Special Needs (CWSN) is being stressed [2].

Based on the census estimates, there are millions of children living with disabilities in India, however, many of them are still not able to access quality education due to inadequate infrastructure, shortage of trained teachers, inaccessibility of learning materials and the limited use of assistive technologies [3]. Digital exclusion is worse in government schools and in rural schools where digital inclusion and technology are limited [4]. Further, recent policy debates suggest that a significant number of schools are still facing challenges in the provision of disability-friendly infrastructure, digital classrooms and Special Educational Support systems to ensure effective inclusion [5]. The exploration of new opportunities in education is further transformed by the development of assistive technologies through artificial intelligence, like computer vision and voice recognition systems. Object recognition, Optical Character Recognition (OCR), and navigation assistance can help visually impaired students, and speech recognition can convert speech to text, translating between languages, and transcribing the classroom for the hearing-impaired students [6]. These technologies are becoming more popular as solutions that can scale for personalized and inclusive learning environments.

In India, the role of AI becomes even more pertinent in the context of structural issues in education like high student-teacher ratios, the linguistic diversity, and the digital inequality prevalent in the country. There are more than 1.5 million schools in India, but technological access is fragmented between states and socio-economic groups [7]. While the government has introduced several initiatives to support digital learning, like Digital India, PM eVIDYA, Samagra Shiksha, the implementation challenges are still a problem in inclusive education.
Even with these technological developments, there are significant obstacles to the widespread adoption, including ethical issues, data privacy concerns, multilingual adaptation, teacher preparedness, and affordability [9]. In addition, current AI-based assistive tools are poorly developed to cater to the educational context of the West, while the school environment in India is multilingual and resource-limited [10].
Thus, this study explores the contribution of Artificial Intelligence (AI) technology using computer vision and speech recognition to the realization of inclusive education in the context of NEP 2020. The study also outlines a policy framework to incorporate AI-powered assistive technologies in Indian schools, considering accessibility, digital equity, and school readiness.
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Table 1: The figure shows analytical data on some of the key issues related to the inclusive education of children with disabilities in India, including lack of accessibility infrastructure, teacher training and limited adoption of assistive technology. The data further highlights the increasing potential of assistive technologies using AI in enhancing access to education and the inclusive education goals of the National Education Policy 2020.

II. Critical Analysis
In recent years, there is increasing interest in the application of Artificial Intelligence (AI) to enhance inclusive education, with a particular focus on the benefits of adaptive teaching systems, personalized learning, and assistive technologies for children with disabilities [12]. In line with National Education Policy 2020, technology-enabled inclusion has emerged as a key goal of education, but there is a patchwork of effective implementation across Indian schools. AI-powered computer vision and speech recognition technologies have been shown to be effective in enhancing accessibility for learners with visual, hearing, and learning disabilities, such as the ability to recognize objects, convert speech to text, enable Optical Character Recognition (OCR), and support multilingual learning [13]. These technologies help improve active learning, communication and personalized learning in the classroom.

However, there are some challenges to implementation, as identified in the literature in recent years. Research shows that many government and rural schools still suffer from lack of internet connectivity, assistive devices, trained teachers, and digital infrastructure [14]. This digital divide hinders the ability of economically disadvantaged students to access learning systems that incorporate AI.

Another major concern relates to teacher preparedness. Studies have revealed that many teachers are not well trained in the use of AI tools for teaching and in inclusive digital pedagogy [15]. The application of AI is constrained without adequate institutional support and technical training. Ethical issues related to privacy, surveillance, and algorithmic bias have also been brought to light in the context of AI-driven education [16]. In many cases, AI systems will be engaged with sensitive student information, such as their speech and behaviours, which makes the demand for oversight and accountability even more important.

Moreover, there are some recent studies showing that current AI systems are predominantly designed for educational contexts in western countries, and are not well adapted to the Indian socio-economic and multilingual contexts [17]. Thus, the key factors for the successful implementation of AI-supported inclusive education in the context of NEP 2020 are local models of AI, low-cost ATs, teacher training and equitable digital infrastructure.

In conclusion, while the potential of AI-driven assistive devices in inclusive education in India is transformative, their sustainable adoption requires a careful consideration of technological innovation and access, ethical concerns, policy backing, and institutional preparedness.
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Figure 2 The figure highlights the major barriers affecting the implementation of AI-based inclusive education in India, with digital infrastructure gaps and lack of assistive devices emerging as the most significant challenges. The analysis further indicates that teacher preparedness, affordability, and multilingual AI limitations continue to restrict the effective execution of National Education Policy 2020 in inclusive classrooms.
III. AI-Based Assistive Technologies
A. Computer Vision Systems
Computer Vision is an AI technology that enables machines to identify, analyze, and interpret visual information such as images, objects, text, gestures, and facial expressions. In inclusive education, computer vision systems help children with visual and learning disabilities through features such as object recognition, Optical Character Recognition (OCR), classroom navigation assistance, and real-time image-to-audio conversion [18].
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Table 2 : The table shows that AI tools for computer vision have many applications in education that would benefit inclusive classrooms; especially for children with visual, communication and developmental disabilities. The use of these technologies boosts access and autonomous learning by means of reading text, navigating the classroom, interpreting gestures and environmental awareness that are part of the National Education Policy 2020.
These systems improve accessibility and independent learning by converting visual classroom content into understandable digital formats, thereby supporting the inclusive education objectives of National Education Policy 2020.

B. Speech Recognition Technologies
The term Speech Recognition Technology (SRT) denotes an artificial intelligence-based computational system that translates spoken words into text or commands that can be executed by computers, through Automatic Speech Recognition (ASR), Natural Language Processing (NLP), and Deep learning algorithms. The acoustic modelling, language modelling and the use of neural network architectures like Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM), Transformer-based models enables these systems to process spoken language with high accuracy [19].

Speech recognition technologies are used in inclusive education to help children with hearing loss, speech difficulties, dyslexia, and learning disabilities convert speech to text in real-time, use speech input for interaction, translate and read in multiple languages, rate listening and speech, and communicate adaptively. AI-driven speech systems can transcribe lessons, produce subtitles and create interactive learning settings, which boost accessibility and participation in classrooms.AI-powered speech systems can transcribe classes, produce subtitles, and make interactive studying environments, enhancing accessibility and involvement within the classroom.

Moreover, multilingual speech recognition models play a crucial role in the Indian educational landscape, where linguistic variety and regional language variations are significant. The aim of inclusive education of National Education Policy 2020 can be achieved through these systems which provides technology based, accessible and learner centred learning environment. 

IV. Analytical Challenges in AI-Enabled
Despite the growing adoption of Artificial Intelligence (AI) in education, the implementation of AI-enabled inclusive learning systems in India faces multiple technical, infrastructural, and ethical challenges. Factors such as digital inequality, limited assistive infrastructure, multilingual complexity, inadequate teacher preparedness, and concerns related to privacy and algorithmic bias significantly affect the effective deployment of AI technologies in inclusive classrooms. These challenges continue to influence the practical implementation of National Education Policy 2020 within diverse educational environments.
A. Digital Divide

The digital divide is the disparity in access to digital technologies, to the internet and to technological resources between various social-economic and geographic groups. The digital divide poses a challenge for pupils with disabilities who are unable to enjoy the benefits of smart devices, assistive devices, stable internet connection or digital learning platforms, especially in rural and government schools in the framework of inclusive education [20]. This gap is remarkable as it impacts how effectively the National Education Policy 2020 (NEP2020) is put into action in many schools with infrastructural constraints, limited digital literacy, and inadequate technological support. This means that the potential of assistive technology such as computer vision and speech recognition systems and other AI tools to be used in the inclusive classroom are limited due to unequal digital access.
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B. Teacher Preparedness and Institutional Readiness
The successful implementation of AI-based inclusive education in India demands a high level of preparedness among teachers and readiness of the institutions. While the National Education Policy 2020 promotes digital learning and technology integration, many educators are not well equipped with the skills of using AI-based assistive technologies, inclusive pedagogy, and digital classroom management [21]. The use of computer vision and speech recognition systems in the classroom is limited because of limited technical expertise, poor professional development programs, and their lack of awareness of assistive educational tools.

The availability of digital infrastructure, technical support systems, internet connection and accessible learning environments are other factors that contribute to institutional readiness. However, many government and rural schools still lack smart classrooms, assistive devices and dedicated support services, which hinders the widespread adoption of inclusive education through AI [22]. Thus, in India, technology-enabled inclusive educational ecosystem needs continuous efforts from teachers, institutional capacity building, and policy-level investment.

C. Ethical and Governance Concerns
The use of Artificial Intelligence (AI) in inclusive education also brings with it some serious ethical and governance issues, especially when AI systems handle sensitive educational and behavioral information about children with disabilities. Sports and entertainment analytics often gather personal data like facial images, voice recordings, learning styles, emotional reactions, and classroom behavior patterns through AI-powered technologies like computer vision, speech recognition, and facial analysis, as well as adaptive learning platforms [23]. Such massive data collection and storage raise significant privacy, surveillance, informed consent, and cyber security issues in educational contexts.

Algorithmic bias and fairness is one of the significant ethical issues. Often AI systems are trained with a small or unrepresentative sample of the student body [24], resulting in erroneous results for students from different linguistic, cultural, and/or disability backgrounds. Additionally, India's multilingualism and socio-economic differences add to the danger of exclusionary AI systems that might fail to adequately account for regional accents, speech patterns, or accessibility requirements. This bias may have a negative impact on children with disabilities and their learning evaluation, communication assistance and educational participation. Transparency and explainability of AI-based educational systems is another significant issue to consider. Numerous state-of-the-art AI systems are also referred to as “black-box” systems because teachers, students or educational administrators struggle to understand how the system makes decisions [25]. Inadequate explainability can also lead to lower trust in AI-powered learning resources and difficulties in detecting errors, biases, or biases in automatic recommendations.

The lack of robust governance frameworks for the deployment of AI in educational contexts also presents governance issues. While the National Education Policy 2020 emphasizes the role of technology in education, there are still ambiguous guidelines from an institutional perspective on issues of ethics, accountability, data governance, accessibility standards, and mechanisms for protecting children from the use of AI [26]. Poor governance mechanisms can create risks of misuse of student data, unauthorized surveillance and unequal access to technology. Moreover, over-reliance on AI systems could also lead to a loss of personalized pedagogical support and human interaction in inclusive classrooms. AI should be used as an assistive and supportive tool in the learning process and not as a substitute for teachers, caregivers, and special educators [27]. The human-centered aspect of AI frameworks thus resonates with the need for empathy, accessibility, and ethical considerations in education.

Therefore, adequate ethical governance structures that emphasize transparency, accountability, protection of privacy, equitable algorithmic performance and responsible use of AI are essential to the successful operation of inclusive education with AI. Ethical guidelines and regulations are also needed to ensure that AI technologies can serve educational equity and accessibility without infringing on the rights and dignity of disabled children. These need to be agreed upon by the policymaker, educational institutions and technology developers.
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V. Proposed Framework for AI-Enabled Inclusive Education under NEP 2020
The draft of AI-driven inclusive education in the National Education Policy 2020 aims to leverage the technology of AI with accessible, equitable and learner-centred pedagogies for learners with disabilities in India. The framework focuses on the application of computer vision, speech recognition, machine learning and adaptive education systems to develop technologically inclusive classrooms and tackles institutional, ethical and infrastructural issues. Five interrelated dimensions are included in the framework: technological accessibility, inclusive pedagogy, institutional readiness, ethical governance and policy integration. These dimensions together help in the successful adoption of AI based assistive technologies in Indian schools.
A. Technological Accessibility Layer
Technological accessibility layer is about the availability of assistive technology based on artificial intelligence that enhances access to learning for children with visual, hearing, speech, cognitive and developmental disabilities. Computer vision technologies aid in object recognition, Optical Character Recognition (OCR), facial expression analysis, and the navigation of the classroom, while speech recognition systems can help with speech-to-text conversion, translation between multiple languages, and the provision of voice-based learning support. There is also a focus on low-cost and scalable AI systems that are appropriate for government and rural schools. Cloud-based education solutions, mobile-friendly assistive apps and edge-AI devices can enhance accessibility, and limit the reliance on costly infrastructure.

Key Components

· Computer Vision Systems

· Speech Recognition Technologies

· Listening to texts using TTS and OCR Tools

· Adaptive Learning Platforms

· Multilingual AI Interfaces
B. Inclusive Pedagogical Framework
Teachers should not be replaced by AI technologies; they should be supported.AI technologies should support inclusive pedagogy and not replace teachers. This framework ensures the learner is the primary focus of learning and teaching, as AI systems tailor the learning materials based on students' learning capacity, communicative needs, and cognitive needs. Adaptive educational systems have the ability to track student performance, detect learning challenges, and provide tailored instruction support. AI-powered analytics also support educators' understanding of learning patterns and engagement in the classroom for children with disabilities.
C. Teacher Preparedness and Institutional Readiness
Successful implementation of AI-enabled inclusive education depends significantly upon teacher competency and institutional infrastructure. The framework highlights the importance of continuous professional development programs focusing on:

· AI literacy, 

· digital pedagogy, 

· assistive technology training, 

· and inclusive classroom management. 

Institutional readiness further includes:

· smart classrooms, 

· internet connectivity, 

· assistive devices, 

· digital learning infrastructure, 

· and technical support systems. 

Government schools, particularly in rural regions, require infrastructural strengthening to reduce educational inequality and support technology-enabled inclusion
D. Ethical Governance and Data Protection
AI-enabled educational systems process highly sensitive student information including speech recordings, facial images, behavioural analytics, and learning data. Therefore, the framework incorporates ethical AI governance principles emphasizing:

· privacy protection, 

· transparency, 

· explainability, 

· accountability, 

· and algorithmic fairness. 

The framework recommends the development of educational AI regulations aligned with child protection and disability rights principles. AI systems should function within human-centered educational models where teachers and caregivers maintain decision-making authority.

Biochemical Analysis of Cerebrospinal Fluid
The CSF is processed routinely for biochemical markers which indirectly help evidence CM and is a necessary part of the evaluation of CNS-TB [17]. In CSF, there is a raised protein concentration, low levels of glucose, and a lymphocytic pleocytosis is typical [18].

CNS tuberculosis typically has high protein levels, due to the disruption of the blood–brain barrier and inflammatory exudation into the subarachnoid space [19]. Inflammatory cells and mycobacteria increase glucose consumption in CSF, leading to a decrease in CSF glucose concentration [20]. Chronic granulomatous inflammation (as seen in a TB infection) is associated with a predominance of lymphocytes which is termed as lymphocyte predominance [21].

These biochemical investigations are suggestive of CNS-TB, but not specific. The same type of abnormalities could be seen in fungal meningitis, bacterial meningitis, viral encephalitis, carcinomatous meningitis and autoimmune neurological diseases [22]. Thus, biochemical diagnosis alone should not be used for the definitive diagnosis.

Patient immune status may also also influence interpretation. Patients with HIV infections and/or immunocompromised patients often have abnormal CSF profiles and this decreases diagnostic accuracy [23]. In addition, the CSF parameters may be normal or slightly abnormal in the early stages of TB meningitis, making the diagnosis difficult [24].[image: image6.png]Correlation Between CSF Protein Levels and Cell Count in CNS Tuberculosis
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Figure 3 : The scatter plot shows that there is a positive correlation between the CSF protein concentration and the inflammatory cell count in CSFTB patients. The rising trend suggests that an association between increased cellular inflammatory response and increased CSF protein concentration, resulting from disruption of the blood–brain barrier and chronic meningeal inflammation exists.
E. Cytological Examination of CSF
Cytological analysis is the microscopic examination of the cell components of CSF, which is used to evaluate patterns of inflammatory response [25]. The CSF is usually lymphocytic pleocytic with neutrophilia sometimes occurring early in the disease [26].

The elevation of cells is variable from patient to patient, and can be related to the severity of the disease. In advanced tuberculous meningitis, there are often chronic inflammatory changes with the presence of activated macrophages [27].

Although supportive, the advantage of cytology is that similar cellular responses are observed in a variety of infectious and inflammatory conditions of the CNS [28]. Hence, a cytological diagnosis should be always relied upon along with the clinical presentation and further laboratory investigations..

F. Neuroimaging Techniques
Neuroimaging is an important ancillary diagnostic tool in the diagnosis of CNS tuberculosis. Structural abnormalities of tuberculous meningitis and intracranial tuberculomas are often detected with computed tomography (CT) or magnetic resonance imaging (MRI) [29].

Due to its speed and capacity to show hydrocephalus, cerebral oedema, infarctions and basal meningeal enhancement, CT scanning is often the first imaging test performed [30]. However, CT has a lower sensitivity than MRI for the early detection of meningeal inflammation and small lesions of the parenchymal tissue [31].

Due to its enhanced ability to visualize intracranial lesions and greater soft tissue resolution, MRI is regarded as the best imaging modality to evaluate CNS-TB. Basal meningeal enhancement, ring-enhancing tuberculomas, hydrocephalus, cerebral infarction, cranial nerve involvement and spinal leptomeningeal enhancement are characteristic MRI findings [33]. Although these benefits, radiological signs of CNS tuberculosis are not pathognomonic. The imaging changes in fungal infection, pyogenic abscess, metastatic tumor, sarcoidosis, and neurocysticercosis share some common features [34]. Thus, interpretation of neuroimaging should be made in combination with microbiological and clinical evidence and is not sufficient for diagnosis.

The other key challenge is accessibility and affordability. Even though there are growing MRI facilities in many rural and poor communities where TB burden is highest, they are still lacking in many places [35].Tuberculin Skin Test (TST)
The Tuberculin Skin Test (Mantoux test) is an immunological method used to detect prior sensitization to Mycobacterium tuberculosis antigens [36]. Purified protein derivative (PPD) is injected intradermally, and delayed hypersensitivity response is assessed after 48–72 hours [37]. A positive TST may support suspicion of tuberculosis exposure; however, it cannot differentiate active CNS disease from latent infection [38]. False-positive reactions may occur due to Bacillus Calmette–Guérin (BCG) vaccination or infection with non-tuberculous mycobacteria [39]. Conversely, false-negative results are common in malnourished individuals, HIV-positive patients, and severe CNS-TB cases because of impaired immune response [40].

Therefore, the clinical utility of TST in CNS tuberculosis remains limited and primarily supportive rather than confirmatory.

G. Interferon-Gamma Release Assays (IGRAs)
Interferon gamma release assays are blood tests that assess T-cell immune response to specific antigens of tuberculosis [41]. These assays are more specific than TST, and are not affected by previous BCG vaccination [42].

However, like with TST, IGRAs also fail to reliably differentiate between latent tuberculosis infection and active CNS-TB [43]. People with compromised immune systems and children are also less sensitive [44]. Further, it is very expensive and requires laboratory amenities that are not readily available in all health systems in low-resource settings [45].[image: image7.png]TABLE II. DATA ANALYSIS TECHNIQUES
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VI. Limitations of Smear Microscopy
Smear microscopy is still one of the least sensitive tests used for diagnosis of CNS-TB. The main drawback is the low number of bacilli in CSF (often below the liminal value of microscopy).

The sensitivity of CSF smear microscopy has been shown to vary from 10% to 20% especially if small volumes of CSF are examined. Repeated lumbar punctures and a quantity of CSF may be necessary for accurate diagnosis—but this is not always possible when a patient is critically ill. Also, poor centrifugation procedures and staining quality have a substantial impact on the diagnostic yield.

The other big issue is that of operator dependence. The microscopic interpretation must be made by skilled laboratory staff and interobserver variation may be a factor. Lack of trained microbiologists and the lack of adequate laboratory equipment further compromise reliability in resource-limited health care environments.

Further, smear microscopy cannot differentiate between viable and nonviable bacilli and will not give information on drug resistance. This therefore makes it possible that a smear microscopy based diagnosis may be falsely negative and therapy may be delayed.
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VII. Challenges Associated with CSF Culture
Culture methods are considered microbiological gold standard for tuberculosis diagnosis due to their high specificity. But their utility in the treatment of CNS-TB is severely restricted due to their prolonged turn around time and low sensitivity. The bacterial growth takes 4-8 weeks in Lowenstein–Jensen cultures and is a bit more rapid in the MGIT system but still takes several days to a couple of weeks. These delays are not clinically acceptable in CNS-TB as neurological deterioration can be rapid.

Another significant restriction is sensitivity. Culture positivity in tuberculous meningitis is not high even in optimal conditions due to low concentration of bacilli in CSF. Empirical ATT prior to commencing culture may further reduce culture yield. The potential for contamination is also a major concern. Culture integrity can be a problem if the specimens are not handled or stored properly, and if they are not transported safely, especially in peripheral laboratories without biosafety facilities.

In addition, these culture facilities are costly and in need of specially designed containment laboratories and are not available in many rural and low-resource areas with the highest burden of TB.
VIII. Limitations of Biochemical and Cytological Analysis
The biochemical parameter of CSF in routine analysis of CNS-TB usually shows signs of raised protein, low glucose and lymphocytic pleocytosis. These findings can aid in clinical suspicion but are very non-specific and share a large number of common features with many inflammatory and infectious neurological diseases. Fungal meningitis, bacterial meningitis, carcinomatous meningitis and viral encephalitis may have similar CSF disease profiles, for instance. As such, a biochemical analysis can not be used for a definite diagnosis.

There is also some intra-individual immune response variability, making the interpretation more complicated. Atypical CSF findings can occur with HIV-positive patients and immunocompromised persons, making diagnosis uncertain.

Moreover, none of the biochemical markers have sufficient sensitivity and specificity to confidently identify CNS-TB. Thus, the clinicians often have to rely on the routine CSF parameters in a situation of uncertainty.
IX. Radiological Challenges in CNS Tuberculosis
Neuroimaging is of key importance in the diagnosis of structural abnormalities related to CNS-TB, but radiological features are seldom pathognomonic.

Basal meningeal enhancement, hydrocephalus, tuberculomas, and cerebral infarctions can also be seen on MRI in fungal infections, malignancies, neurosarcoidosis, and pyogenic meningitis. Likewise, ring-enhancing lesions that can be seen on a CT scan can be confused with metastatic tumors or neurocysticercosis. Radiologist expertise and clinical correlation may play a key role in interpreting imaging results. Diagnostic bias in endemic areas can result in either overtreatment or over-under treatment without microbiological diagnosis.

Another restriction is access. MRI facilities are still not available in many developing areas and high MRI cost becomes a challenge for the economically less well off population. Late diagnosis and poor prognosis are due to delayed imaging..

X.  Diagnostic Difficulties in Pediatric and HIV-Positive Populations
Even worse diagnostic tests have been shown in children and those with compromised immune systems. Suspicion of the disease is often late, as the children may have non-specific symptoms like irritability, poor feeders, fever, and altered consciousness. Collecting sufficient CSF samples in children is also difficult. HIV-positive people have abnormal inflammatory responses that cause abnormal CSF findings and decreased granuloma formation. Differential diagnosis is complicated by coinfections, like cryptococcal meningitis.

Conventional tests are thus found to be much less sensitive in these vulnerable groups, and lead to an increased risk of diagnostic delay and death.

XI. Future Perspectives & Conclusion
While conventional diagnostic tools still have a place in the diagnosis of CNS-TB, the shortcomings of these methods highlight the need for faster, more sensitive and specific methods. Molecular diagnostics using GeneXpert MTB/RIF, Xpert Ultra, line probe assays and next-generation sequencing have shown to have better diagnostic performance and shorter turnaround time.

Integrated diagnostic strategies incorporating clinical assessment, radiology, microbiology and molecular testing should be directed in the future. There is a special need for the development of low-resource friendly affordable point-of-care technologies.

In the near future, advances in imaging interpretation with artificial intelligence, in biomarker-based assays and in profiling host immune responses could further improve diagnostic accuracy. The current diagnostic methods of C.S.Tb continue to have significant limitations and are still poorly effective in diagnosing the disease early and correctly. Smear microscopy has poor sensitivity, culture methods are time-consuming, biochemical tests are not specific, and the radiological appearances are often similar with other neurological disorders. These challenges are exacerbated in resource limited and pediatric and HIV populations.

While they remain in use in clinical practice, the conventional practice is not enough to deal with the complexity of the diagnosis of CNS-TB. Late diagnosis is a major cause of death, brain damage and long-term disability. Hence, it is important to enhance the diagnostic facilities to combine conventional and molecular rapid diagnostic methods to enhance the clinical outcomes and minimize the global burden of CNS TB.references
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