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Abstract
The medical diagnosis and treatment of neurological and psychiatric disorders have been revolutionized by using brain-computer interfaces (BCIs). Brain-computer interfaces (BCIs) can translate neural signals into control commands, providing new opportunities for therapeutic, rehabilitation, and communication technologies. In this article, we reviewed the most recent advances in BCI technology detailing on foundational technology in Brain-Computer Interface. We also discussed their applications in neurology and mental health, such as in the restoration of motor function, diagnosing seizures, and treatment of neurodegenerative diseases. While BCIs hold substantial promise, they also encounter significant technological, ethical, and regulatory hurdles. These challenges could benefit from interdisciplinary collaboration to bridge the gap between technical understanding and the socio-political situation where it is being applied. To achieve this, there is a need to improve different components associated with the use of BCIs such as reliability and functionality, accessibility, and enactment of strict privacy regulations. Ongoing development approaches are also needed, which involves integration of newer technologies, creating personalized BCI systems, and researching into potential BCI-based mechanisms for neuroplasticity and cognitive enhancement.
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Brain-computer interface (BCI) (otherwise known as brain-machine interface (BMI)) has been recognized as a multidisciplinary field involving cognitive neuroscience, biomedical engineering, material science, computer information technology, and applied mathematics [1]. The term BCI was introduced by Jacques Vidal in the 1970s, who published the first peer-reviewed papers on this subject matter [2], [3]. Since then, there has been great progress in brain-computer interface (BCI) technology, including more sophisticated neuro-images, signal processing, and machine learning algorithms to make them more effective. In the past few years, the rapid development of BCI has benefited from two technological improvements: one is the enhancement of input signal quality by high-density minimally invasive electrode implantation, and the other is the application of an unsupervised deep learning algorithm in brain intention recognition. Such a progressive usage of BCI in disease diagnosis, recovery process, and treatment of brain disorders [1], have currently been conceptualized as revolutionary technology in the realm of both neurological and mental health care, offering a new potential for therapeutic interventions in those affected by these conditions thereby improving their quality of life.
The brain-computer interface (BCI), depending on the method used in the measurement of the brain activity, can be invasive, semi-invasive, or noninvasive (Figure 2-4) [1], [4]. These methods will be discussed further in the following sections.  BCI transforms electrical, magnetic, or metabolic brain activity (the control signal) into control signals which can operate external devices, replacing, restoring, enhancing, supplementing, or improving the use of the brain's natural neural output [1], [5]. The billions of neurons in the brain utilize oxygen in carrying out a multitude of cognitive and motor tasks, leading to different electromagnetic imprints from brain activity. One can use sensors of different technologies, notably the BCI, to track brain activities. For instance, electroencephalography (EEG) involves the detection of electrical potentials at the scalp and is able to transform readings represented by random traces collected from multiple sensors. It is not possible to conclude about this data by just visual inspection it must be processed through various examination tools. This is where the fields of neurology and computer science come together to give rise to the BCI [6].
When the complex functions of the central nervous system and their impact on behavior, cognition, and general well-being is considered it gives clear view of how neurology and mental health are interrelated sciences. The focus of neurology is the diagnosis and management of diseases of the nervous system such as Alzheimer's disease, Parkinson's disease, epilepsy, stroke, and multiple sclerosis [7], [8], [9]. These disorders often arise due to anatomical or functional impairments of the brain, comprising a range of cognitive, motor, and sensory deficits [7]. On the other hand, mental health relates to people’s emotional, psychological, and social well-being, which affect how they think, feel, and act [10]. Common mental health illnesses are depression, anxiety, schizophrenia, and post-traumatic stress disorder (PTSD), in which there are brain network/neurochemical dysfunctions [11]. The brain's complex intertwining of neurological and psychological processes often results in a bi-directional relationship where neurological dysfunction can exacerbate mental health difficulties and vice versa resulting in a treatment scenario that is often difficult, if not impossible to treat [11, 12, 13].
BCI-based neurofeedback systems have great potential in the management and treatment of neurological and psychological disorders [14]. They enable direct interaction between the brain and external devices without passing through physiological sensory or motor channels to restore lost functions or modulate brain activity. In the field of neurology, BCIs has demonstrated promise in restoring communication and movement through means of rehabilitative (e.g. robotic limbs or exoskeletons) [2, 15, 16], and assistive technologies (aimed at restoring movements in paralysis to aid in performing functions such as eating and drinking  in real life scenarios of quadriplegic (using robotic actuators and/or functional electrical stimulation) [17]. On the other hand, in the area of mental health, brain-computer interfaces (BCIs) have become a powerful tool for monitoring brain activity, diagnosing psychological conditions, and delivering real-time interventions like neurofeedback or transcranial direct current stimulation (tDCS) to modulate neural networks responsible for mood and cognitive functioning [18]. The potential application of BCIs in these fields is due to BCIs' ability to target specific brain areas precisely and to reach key brain areas, which could offer patients a new way to treat diseases that are often not responsive to traditional therapies by directly interfacing with brain processes.
The aim of this article is to provide an overview of innovative developments in Brain-Computer Interface (BCI) technologies, specifically in the context of neurological disorders and mental health disorders, and explore how these technologies can underlie new therapeutic avenues in this field. In addition to highlighting the ethical, regulatory, and technical challenges involved, it also highlights areas for future research and development in these domains.

[bookmark: _heading=h.yqm0yr37d9i9]Foundational Technology in Brain-Computer Interface
Brain-computer interfaces (BCIs) have the potential to change the way humans interact with computers. In contemporary BCI model there is direct connection of the brain of a human and a computer (modern BCI architecture) [19]. Based on the direction of action, BCIs are generally grouped into two classes, unidirectional and bidirectional BCIs. In unidirectional BCIs, signals are sent to or received from the brain and in bidirectional BCIs; there is the flow of information in both directions, enabling the brain to control external devices [20]. 
Usually, the BCI system operates by measuring brain impulses using electrodes, followed by processing the input data using a microcontroller, then removing noise and artifacts caused by the environment or the device itself. The received signal is then evaluated to determine the corresponding command; artificial neural networks are commonly used for this task due to their strong data processing and adaptation capabilities. The detected signal is normally routed to an external device for additional processing using a pre-programmed algorithm, though highly specialized systems may do this work themselves. Finally, the received command is interpreted by the controlled equipment by its unique characteristics. Therefore, the mechanism of BCI may be defined in three major steps, as depicted in Figure 1: collecting brain signals, processing and interpreting signals, and lastly sending commands to a linked computer via an application interface [6, 20, 21].
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Figure 1: Basis of Brain-Computer Interface (BCI) operation
However, Brain-Computer Interface (BCI) models are classified into three categories based on their level of invasiveness and technique of signal collection. They are invasive, semi-invasive, and non-invasive. Each method has various benefits and drawbacks, depending on the extent of interaction with the human body and the type of the brain signals being recorded [21]. 
Non-invasive approaches involve measuring brain impulses without requiring any surgical intervention. This method commonly employs sensors (electrodes) positioned on the scalp, the brain's topmost layer as shown in Figure 2. Among the non-invasive technologies, Electroencephalography (EEG) is the most widely used technology due to its low cost and ease of use features. Other non-invasive methods include Magnetoencephalography (MEG), Positron Emission Tomography (PET), Functional Magnetic Resonance Imaging (fMRI), and Functional Near-Infrared Spectroscopy (fNIRS). These strategies are paramount to tracking brain activity and understanding valuable information about neural activity without the risks involved in experimental procedures [22].
On the other hand, in Semi-invasive methods electrodes are inserted into the skull but not into the brain as depicted in Figure 3. To be precise, electrodes are put on the exposed surface of the brain: outside the dura mater (epidural) or beneath the dura (subdural). This method allows for a higher number of electrodes, often arranged in strips or grids, covering larger areas of the brain. The primary technique used in this category is Electrocorticography (ECoG), which offers significant advantages over non-invasive methods, especially in terms of spatial resolution, which can reach tenths of a millimeter in contrast to the centimeter-level resolution of EEG [22]. However, ECoG electrodes are primarily used in medical settings, like neurosurgery, to monitor or treat neurological problems. Direct placement of electrodes on the brain's surface enhances signal quality by reducing the distance that electrical activity must travel [23].
Invasive methods provide the most direct contact with the brain, as illustrated with the "brain-surface electrode" in Figure 4, with electrodes being implanted directly into the brain's grey matter during neurosurgery. These microelectrodes are placed into the brain and can detect the activity of individual neurons. Invasive BCIs are divided into two types: single-unit BCIs, which monitor signals from a specific region of brain cells, and multi-unit BCIs, which record activity from several areas. The electrodes employed in these methods vary in length, with examples including the Utah array (up to 1.5 mm) and the FMA array (up to 10 mm), both of which are components of micro-electrode arrays (MEAs) [22].
While invasive BCIs provide the maximum signal quality, they present significant issues. One of the drawbacks of its usage is that the immune response to the foreign electrodes often creates scar tissue around the implants, which can diminish signal quality as time passes [24]. Moreover, due to the high cost, risk, and complexity of surgery, invasive BCIs are mainly used for clinical purposes, typically as a treatment for critical patients, such as people who are paralyzed or suffer from blindness.
Ultimately, the choice of BCI method is dependent on application needs, signal resolution requirements, and safety, invasiveness, and cost considerations. Although readily available, non-invasive methods have lower spatial resolution compared to semi-invasive and invasive methods. Semi-invasive methods such as ECoG offer better spatial resolution, but bear greater risk and expense than non-invasive methods.
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Figure 2: Non-invasive method
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Figure3: Semi-invasive method
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Figure 4: Brain-Computer Interface (BCI) Technologies Showing the Non-invasive, Semi-invasive and Invasive Technologies
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BCIs have demonstrated significant promise in the treatment of various neurological disorders, particularly by aiding in restoring motor functions, rehabilitation, and providing new means of communication. Here are some of the most common uses of BCIs in those with neurological disorders 
1. Motor Function Restoration in Spinal Cord Injury
Motor rehabilitation in individuals with spinal cord injuries has been revolutionized through the use of BCIs. This technology can circumvent damaged spinal networks and translate signals from brain cortex through external devices such as robotic limbs and exoskeletons [25]. Such technologies enable users in the restoration of voluntary movements and practically imparting neuroplasticity.
One impressive breakthrough in this field is a Brain-Spine Interface (BSI), which directly bridges the gap between brain signals and spinal cord stimulation. BSI is for home use and it includes a wearable controller that is incorporated into a walker, which enables subjects to configure the settings of stimulation and start moving the involved limb independently. The device gradually provides persistent neuromodulation, allowing for walking, standing, and complex movements while also fostering neurological recuperation. The BSI's impact goes beyond mobility; it also boosts psychosocial well-being and allows for partial recovery of voluntary control even in the absence of stimulation [26]. Figure 5 is an illustration of this model. 
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Figure 5: Design, technology, and implantation of the BSI. [I, Two cortical implants containing 64 electrodes placed epidurally over the sensorimotor cortex to gather ECoG signals. A processing unit predicts motor intents and modulates epidural electrical stimulation programs that target the dorsal root entrance zones of the lumbosacral spinal cord. An implantable pulse generator is used to administer stimulations via a 16-electrode paddle lead. II, Images showing pre-operative planning of cortical implant placements and post-operative confirmation. L means left, and R means right. III, Personalized computational model predicting the appropriate placement of the paddle lead to target the dorsal root entry zones associated with lower limb muscles, with postoperative confirmation.]
2. Stroke Recovery and Neuroplasticity Enhancement
Stroke is a primary cause of long-term disability worldwide, causing considerable motor impairments, especially in the upper limbs, which can severely limit everyday activities. Traditional rehabilitation approaches, such as physical therapy and constraint-induced movement therapy (CIMT), have proven beneficial, but they may not be appropriate for all patients, particularly those with severe impairments. In recent years, Brain-Computer Interfaces (BCIs) have emerged as promising techniques for improving neuroplasticity and stroke recovery [27].
Noninvasive BCI models, typically based on EEG, detect motor intentions and deliver real-time feedback, promoting cortical reconfiguration. A recent study found that BCI-based motor imagery training dramatically improved upper limb function in chronic stroke patients while also increasing activation in motor-related regions [27]. The integration of BCIs with FES leads to better results by enabling the coordination of brain-generated commands with muscle movements, thus strengthening the principles of Hebbian learning. 
The effectiveness of BCI-assisted rehabilitation programs has been validated by recent studies, which found chronic stroke patients receiving motor imagery-based BCI therapy to have excellent improvement in upper extremity motor function and greater activation of motor-related areas of the brain [27, 28]. Khan et al.'s systematic review (2023) of various FES-based rehabilitation systems established that closed-loop BCI-FES systems that decoded the intended motor action were able to yield improvement in motor recovery of stroke subjects by electrically stimulating compromised muscles. These devices utilize the Hebbian model to couple cortical activity with peripheral muscle activation that leads to neuroplastic changes [28]. Moreover, BCI training has been associated with functional and structural neuroplasticity, including enhanced event-related desynchronization in the ipsilesional hemisphere and increased functional connectivity, both of which correlate to improved motor skills [2]. These data suggest that BCI therapies may promote functional neuroplasticity, contributing to enhanced motor recovery [5].
3. Communication Aid for Amyotrophic Lateral Sclerosis (ALS) and Locked-In Syndrome
People living with Amyotrophic Lateral Sclerosis (ALS) and locked-in syndrome face troubling challenges because they have no voluntary muscle activity, including the ability to speak or move. Amyotrophic lateral sclerosis (ALS) is a neurodegenerative condition that leads to progressive motor weakness, significantly affecting physical functioning and the ability to communicate. Since ALS (Amyotrophic Lateral Sclerosis) is a rapidly progressive disorder with no curative treatment options available, decisions focus on preserving or improving the quality of life (QoL) of those living with the disease [29].
The cessation of verbal communication — a cardinal symptom of ALS, especially as the disease course progresses — is compounded by progressive paralysis. This loss is most often linked to locked-in syndrome (LIS), a condition in which individuals retain cognitive function but lose all voluntary movement, aside from some movements of the eye or blinking. One or more of these individuals may be using no-tech, low-tech, or high-tech AAC (augmentative and alternative communication) strategies. BCI technology could be a potential solution for people with severe motor disabilities. Instead of muscle movements used to control communication devices, BCIs use neuroelectric signals produced by the brain. In situations where standard technologies fail, non-invasive, scalp-based BCIs, and increasingly more advanced implanted BCIs hold great promise to help people with ALS initiate communication. These systems operate on the principle of sensing brain activity through electrodes worn on the head and translating activity into directional commands to control outside devices, such as speech-generating systems. Previous studies have indicated that using BCIs to communicate is feasible for patients who have ALS and gradually lose motor control [30, 31].
4. Seizure Prediction and Management in Epilepsy
By continuously monitoring brain activity, BCIs could potentially predict and prevent seizure events in individuals with epilepsy. BCIs can detect distinct brain patterns that often precede seizures in real time. In cases where a seizure is imminent, BCIs can cause electrical stimulation to the brain to prevent it, or signal caretakers and medical personnel so that quick intervention can be provided. BCIs are also capable of tracking how the brain is responding during treatment, and whether physicians will need to adjust medication dosages or stimulate certain regions to mitigate symptoms. It is expected that this predictive ability will greatly enhance epilepsy management, both by decreasing the incidence and severity of seizures and also improving the quality of life of patients as a whole [32].
5. Treatment of Neurodegenerative Disorders
BCIs are already being studied for applications against neurodegenerative diseases like Parkinson's, Multiple Sclerosis (MS), and Alzheimer's. These are conditions characterized by the progressive degeneration of brain structures, often leading to cognitive decline, motor dysfunction, and other functional impairments. BCIs may assist in managing such disorders by mitigating symptoms, cognitive training, and monitoring disease evolution [33].
In Parkinson’s disease, BCIs have been used for rehabilitation to alleviate tremors or stiffness. BCIs allow non-invasive assessment of cognitive functions that may decline over time, making them useful for tracking the progression of MS. The potential of BCIs for Alzheimer's disease treatment can be seen in their application in stimulating brain areas related to memory and cognition to slow cognitive decline and enhance memory capacity [33].
Brain-Computer Interface (BCI) Applications in Mental Health
Brain-Computer Interfaces (BCIs) have gained much attention and promise in the treatment of various mental health issues in recent years. BCI-based interventions have shown potential for mental health conditions, such as mood-related disorders and attention deficit disorders. BCIs have novel applications in mental health in the following ways:
1. Neurofeedback for Anxiety and Depression
Neurofeedback is an interesting example of a BCI-based technique designed to understand and manage emotional pathology, enabling patients to learn how to modify their emotional neural circuits through live neuronal feedback systems, which have been useful in managing anxiety and depression [34]. Neurofeedback offers patients insight into their brainwave patterns and practically trains them to consciously regulate their neural activity. Such self-regulation may help reduce symptoms associated with anxiety, stress, and mood disorders [34]. Research has shown that neurofeedback can restore the brainwaves to their normal state, especially in the prefrontal cortex, which is often dysfunctional in people with mood disorders [35].
2. Attention Enhancement in Attention Deficit Hyperactivity Disorder (ADHD)
BCI application in Attention Deficit Hyperactivity Disorder (ADHD) has been studied, with a focus on the improvement of concentration and attention abilities [34]. By utilizing neurofeedback modalities, BCIs actively train users — in this case, individuals with ADHD — to be in control of their attention thereby extending attention and dampening hyperactive responses. Neurofeedback application in ADHD typically involves training patients to reinforce brainwave patterns associated with sustained attention [36], through increasing theta waves and decreasing beta waves. Studies showed that attention and behavior control improve for children and adults with a BCI-based neurofeedback [37].
3. Post-Traumatic Stress Disorder (PTSD) Treatment
BCIs is of advantage in patients with Post-Traumatic Stress Disorder (PTSD), who may use BCIs to track and regulate real-time activity in brain regions associated with trauma. PTSD is often linked to abnormal brain activity, especially in the amygdala and prefrontal cortex, regions important for emotional processing and stress regulation. It is possible to monitor these areas via BCIs, and to provide biofeedback to help people reduce hyper-arousal, emotional numbing, and intrusive memories [34]. Moreover, using BCIs to modulate brain activity can help patients learn how to better regulate their physiological and emotional responses to trauma, which may reduce PTSD symptoms over time.
4. Addiction Recovery and Craving Management
BCIs are also being employed in addiction recovery programs, allowing patients to manage their cravings and control brain activity associated with addictive behaviors. Addiction is often associated with abnormal regulations of areas in the brain like the prefrontal cortex (which are related to decision-making and impulse control) and the nucleus accumbens (which is related with reward processing). BCIs can provide individuals with instantaneous feedback about the pattern of their brain activity and support them in modulating the neural circuitry that underlies cravings and addiction. By teaching individuals to activate brain areas associated with self-control while suppressing areas related to craving, BCIs may facilitate long-term recovery and reduce the risk of relapse [38].
5. Sleep Disorders and Brain Activity Monitoring
Brain–computer interfaces (BCIs) are also used in the therapy of sleep disorders such as insomnia and sleep apnea by monitoring the brain's activity during sleep. To monitor sleep, BCIs continuously record brainwave patterns in order to measure the neurological mechanisms behind sleep disruption. By identifying and analyzing patterns of brain activity that disrupts sleep, BCIs can aid in customizing treatments to reinstate normal sleep cycles. For instance, BCIs can assist in guiding therapeutic modalities such as cognitive behavioral therapy for insomnia (CBT-I), wherein patients are trained to improve their sleep quality by addressing dysfunctional thoughts and behaviors [21]. In addition, BCIs may assist in optimizing sleep patterns and controlling disease symptoms such as sleep apnea that causes sleep interruption due to cessation of breathing [39, 40].

Emerging Trends in Therapeutic Applications of BCI as it Relates to Neurology and Mental Health
BCIs and other similar technologies could have a major impact as clinicians rapidly integrate this novel technology into their routine therapeutic procedures, especially among patients with neurological and mental health illness. One promising development is the rise of closed-loop neuromodulation systems, where BCIs not only track brain activity but provide real-time stimulation to modulate neural activity, showing promise for treating neurological disorders such as Parkinson's disease. Deep brain stimulation (DBS) systems, for example, can optimize therapy outcomes by modifying stimulation parameters based on real-time neural feedback [33].
Virtual reality (VR) is another relatively new method of BCI-based therapy — it has already shown effectiveness as a promising tool for rehabilitation and mental health treatment. Program integration allows for patients within regulated virtual environments for treatment that supports motor rehabilitation, as well as anxiety and post-traumatic stress disorder (PTSD). BCIs help monitor neural response during VR sessions, providing for adaptive, individualized therapies. VR-BCI systems are also ideally suited for enhancing cognitive and motor therapy in stroke victims, generating environments that foster emotional management and physical restitution [41].
BCIs are also being implemented in biofeedback-assisted cognitive behavioral therapy (CBT, a type of psychotherapy), which would provide patients with real-time information about their mental and emotional states. This may aid the efficacy of CBT as it can help a person have greater control over initial reactions to stress, anxiety or sadness [33, 42].
In remote monitoring as seen in telehealth, BCIs can provide continuous, real-time tracking of brain activity in remote monitoring and telehealth applications, enabling healthcare personnel to monitor patient progress even from a distance. Some BCIs are non-invasive, making it easier for patients to relax in remote evaluations. This can significantly improve patient outcomes with timely therapies in an underserved or rural area [33].
P300-based BCIs have been effectively used to assist patients with severe neurological diseases (e.g., amyotrophic lateral sclerosis (ALS) or locked-in syndrome). P300-based BCIs enable users to select letters or words on a screen based on brain impulses, making it easier for individuals with little or no voluntary muscle control to communicate. Several such technologies have reported initial success in improving the quality of life of patients with ALS and locked-in syndrome, and in relieving feelings of loneliness [43].
Since the discovery of Artificial Intelligence (AI), it has been found to be applicable in different aspects of health (including Brain-Computer Interface (BCIs)). AI may emerge as a promising approach to enhance decoding performance, user experience and expand the usage of BCIs [44]. For instance, BCIs can successfully classify motor imagery using deep-learning algorithms [45], [44] and thus achieving compelling performance for the diagnosis of neurological diseases [46]. In particular, AI-BCI systems have proved to be successful in the diagnosis and treatment of neurological diseases, including epilepsy, Parkinson's disease and stroke. For instance, systems that combine artificial intelligence (AI) and brain-computer interfaces (BCI) have been developed with the goal of detecting epileptic seizures and thereby enabling a timely intervention to help prevent or lessen the severity of seizures [46, 47].
[bookmark: _heading=h.nuzt3wjt9vea]Ethical and Regulatory Considerations 
Some ethical and regulatory implications have arisen from the fast growth of BCIs, especially in healthcare, with the key considerations being user safety. Invasive BCIs and Non-Invasive BCIs pose numerous health hazards. Invasive devices in which electrodes are embedded in the brain can result in immediate complications like infections or electrode malfunction, and long-term dangers like changing the neuroplasticity of the brain. While non-invasive BCIs are less dangerous than the invasive methods, they may still impact brain functioning, raising questions about their use in young people [48, 49].
Based on the sensitive nature of the BCIs' neural data collection, there are great concerns about the privacy and data security in deploying BCIs, as they collect highly sensitive neural data. Protecting these data from unauthorized access is imperative, owing to the increasing fears over hypothetical 'neurocrime' and malign hack [50, 51].
The ethical issue of informed consent is significantly of consideration, particularly for vulnerable people such as those suffering from severe neurological disabilities. To preserve ethical standards, clear communication about the dangers and benefits of BCI technology is needed [51, 52, 53]. Additionally, there is a growing concern regarding autonomy, where some BCI-mediated actions may not be fully autonomous but are externally mediated by equipment and caregivers [53].
BCIs raise additional questions about identity and human nature. As BCIs start integrating with human bodies, they will be the ones who obscure the line between human and machine, resulting in philosophical issues surrounding the nature of self [51, 53]. The ability of BCIs to change cognitive states may affect how we see ourselves, re-making identity with implications for social identity and public understandings of disability and normality [19, 51, 53].
Access and equity is yet another challenge that must be addressed. Like many new medical technologies, BCIs are highly expensive, and this may worsen health inequities, especially in low-resource environments. It is critical that equitable access to these technologies is ensured so that new disparities are not created [54]. BCIs can also potentially be used in a process called neuroenhancement to improve human capacities above their normal range, which brings additional moral concerns in terms of justice and potential military use of such technologies [55].
Lastly, the legality of using BCI needs to be clarified. Legislation should also clarify who is liable for actions taken by users utilizing BCIs, especially in cases where a BCI malfunctions or is misused [56].
[bookmark: _heading=h.69n7t4s6yqvr]Challenges and Recommendations
[bookmark: _heading=h.hxbvfxvr1745]BCIs have had a positive effect on the healthcare system, however, but they are not without challenges. The challenges associated with the use of BCIs are detailed below:
Technical and Usability Challenges:
BCIs face several challenges in terms of technology; the signals used are partially nonstationary and are susceptible to mood, fatigue and cognition [13, 15]. Additionally, noise – interference from electrical signals that are not coming from the brain – can make BCIs less accurate and reliable. The heterogeneity of patterns of brain signals across participants, sessions, and tasks has made it difficult to develop accurate models of pattern recognition [33], [57]. Machine learning algorithms, especially, suffer challenges from data scarcity and from variability among the individual cosmetics of the nervous system [33]. Brain dynamics are greatly influenced by cognitive processes, memory load, and attention — all of which may lead to variability in performance. BCIs are also plagued with low information transfer rates (ITRs) and user dissatisfaction due to the need for repetitive tasks. Enhancements of Signal-to-Noise Ratios (SNRs), which is crucial for bona fide target detection, remain a primary goal. Moreover, increasing usability requires the design of user-friendly interfaces making it comfortable for both physicians and patients to use [33].
Cost, Accessibility, and Safety Concerns: 
Another significant barrier to the widespread adoption of BCIs in healthcare is their high cost. While advancements in consumer-grade technology are making BCIs more affordable, sophisticated systems with extensive electrode setups remain costly, limiting their access. Nonetheless, the trend is towards more affordable, consumer-grade BCIs, which will likely result in more accessible solutions for a broader population. The safety of BCI technology remains a major concern, especially for invasive treatments.  Risks such as bleeding, infection, and other surgical consequences must be reduced to assure users' long-term safety.  Furthermore, BCIs raise questions concerning the security and privacy of data, as unauthorized access to brain activity data could have serious consequences.  Developing cryptographic security methods will be critical for protecting user privacy [33, 58].
Ethical, Legal, and Social Challenges: 
BCIs raise a number of ethical, legal, and societal concerns, including those of consent, autonomy, privacy, and the interpretation of brain data.  Users with limited cognitive capacity confront significant issues in providing informed permission, especially if the technology is used to stimulate the brain.  The interpretation of brain data raises concerns about personal privacy and control over one's mental state.  Addressing these ethical concerns needs interdisciplinary collaboration among neuroscientists, engineers, and doctors to ensure responsible and ethical BCI implementation in healthcare.  Regulatory frameworks must be devised to adequately address these concerns as BCI technology becomes more widely used in clinical contexts [33, 57, 58].
[bookmark: _heading=h.gl7s1gd39sv]Future Directions 
Interdisciplinary Collaboration
The advances witnessed by BCIs in medicine demonstrates the exciting potential of interdisciplinary collaboration, which combines neuroscience, engineering, and clinical expertise to assist in the restoration of functions for people with disabilities.  Effective collaboration requires strong leadership, stakeholder support, and interprofessional education to create trust and understanding.  Organizational measures such as co-location, shared electronic health data, and condition-specific referral policies can all help to speed up the integration process [58, 59].
Improving Reliability and Functionality 
To meet therapeutic goals, BCIs must be as reliable as natural muscle-based activities.  Future developments are likely to incorporate the integration of data from many brain regions, imitating the body's normal muscular outputs.  Furthermore, integrating quicker sensory inputs, such as proprioceptive and cutaneous impulses, may considerably increase BCI performance, allowing for more seamless interactions [58, 60].
Expanding Accessibility in Low-Resource Settings 
As a result of their high cost and maintenance requirements, BCIs are currently only available for people with severe disabilities. The objective is to decrease the complexity of maintenance to enhance the functionalities of BCIs to make them accessible in underdeveloped regions, given that technology continues to update. Financial mechanisms such as insurance that reimburse for BCIs can encourage use of these technologies by doctors, and this could help them gain traction [33, 61].
Data and Algorithms, and Social Systems
However, as BCIs become more widespread, there is an urgent need for strong privacy legislation to protect users' autonomy and personal information. Legal frameworks, alongside the potential use of (and innovations in) cryptographic contracts/BCIs, may also help protect sensitive brain data, keeping it private and secure. [33, 62].

[bookmark: _heading=h.exjxsd23pnvg]Conclusion
The emergence of Brain-Computer Interface (BCI) models has been found useful in health care, especially in neurology and mental health. By using the feature of brain and rehabilitation through the elucidation of neural patterns, BCIs offer novel strategies for diagnosis and treatment, thus enhancing the quality of life of people with neurological and mental health disorders. The key takeaway from this article is that BCIs hold great promise for restoring motor functions, communication, and modulating brain activity to ease symptoms of various neurological and mental health diseases.
Notwithstanding, BCIs have been faced with  some challenges which are yet to be fully addressed with respect to various aspects of BCI adoption in healthcare such technical and usability challenges, cost and accessibility problems,  as well as ethical and regulatory problems. Future directions must focus on interdisciplinary collaboration to foster better reliability, improve access, efficiency and privacy.
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