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Abstract: The combination of brain cells and artificial
intelligence (AI) is a paradigm shift in the healthcare
industry that provides previously unheard-of chances for
creativity and change in a variety of fields. This work is an
attempt to offer a thorough examination of the confluence
of AI and brain cells in healthcare, clarifying important
ideas, methods, and applications that will influence med-
ical practice and research going forward. Theis article pro-
vides an overview of AI in healthcare and looks at the wide
variety of AI methods and algorithms advancing persona-
lized medicine, therapy optimization, and disease diagnos-
tics. It also touches upon how AI and brain cells interact,
and how brain–computer interfaces (BCIs) can transform
neuroscience research and human–machine interaction. It
also highlights the revolutionary influence of brain cells
and AI on healthcare delivery and patient care by outlining
the application domains of the BCI across research fields
and talking about the integration of reinforcement learning
with the BCIs. It also showcases the practical applications of
brain cells and AI in healthcare, ranging from prognostica-
tion and diagnostics to prosthetics and rehabilitation. This
work suggests new trends and research and development
opportunities in the field of brain cells and AI integration, as
well as future directions in this field.

Keywords: artificial intelligence, brain–computer inter-
face, reinforcement learning, personalized medicine, dis-
ease diagnosis and prediction

1 Introduction

A revolutionary phase of healthcare technology has emerged
from the convergence of neuroscience, artificial intelligence
(AI) [1], and healthcare. A novel frontier in advanced health-
care applications is the merging of AI with brain cells. The
diagnosis, treatment, and comprehension of neurological ill-
nesses and cognitive processes could be greatly improved by
the combination of technology and neuroscience. Researchers
and physicians are investigating new paths for personalized
medicine, brain–computer interfaces (BCIs), and the creation
of novel medicines by combining the computational power of
AI with the intricate workings of brain cells. This combination
of fields not only provides previously unheard-of insights into
the workings of the brain but also creates new avenues for
innovative medical practices that could greatly improve
patient treatment and standard of life.

This article examines the dynamic field of brain cell [2]
utilization in healthcare through the application of AI tech-
niques. Recent developments in AI and neuroscience [3]
have combined to change healthcare practice. This work
attempts to clarify the potential applications of brain-cell-
inspired technologies through current research, and emer-
ging trends. This article’s scope encompasses a broad range
of healthcare areas, such as personalized medicine, reha-
bilitation, prosthetics, disease diagnosis, and therapy opti-
mization. This work aims to shed light on how brain cells
and AI can work together to address current healthcare
difficulties and enhance patient outcomes. Figure 1 pre-
sents the taxonomy of the work.

This article examines the exciting intersection of AI
and brain cell research in healthcare. To ensure a clear
understanding, the work is meticulously divided into sec-
tions. First, this article establishes a foundation by sum-
marizing current AI and brain cell procedures used in
healthcare. Section 3 then dives deeper by examining the
applications, methods, and challenges associated with AI in
this domain. Next, Section 4 explores the fascinating rela-
tionship between AI and brain cells in healthcare; it also
highlights concepts like BCIs as well as neural network
models. Building on this knowledge, Section 5 showcases
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specific applications of this powerful combination, which
focuses on areas, such as illness diagnosis, treatment plan-
ning, and rehabilitation efforts. Finally, this article con-
cludes by outlining the existing challenges and explores
promising future directions in the rapidly evolving field
of AI and Brain cells for smart healthcare.

2 Existing approaches in the field of
BCI and AI

Karikari and Koshechkin [4] explore recent BCI advancements
and their prospects in healthcare, gaming, entertainment,
and virtual reality. It addresses ethical concerns, technolo-
gical issues, and legislative frameworks, aiming to stimulate
innovation and envision future possibilities. Hong et al. [5]
proposed a method that improves recognition rate on a pub-
licly available dataset, potentially improving communication
and status monitoring for paralyzed patients in smart
healthcare. Blankertz et al. [6] explore the development
of brain–computer interactions, focusing on their appli-
cations in communication and neurorehabilitation. It high-
lights the need for further research and development, with
a particular emphasis on BCI-based devices for individuals
with limited mobility, it also discusses prospects, ethical
considerations, and user acceptance of BCI, highlighting
their potential for improved quality of life and societal
advancement. Varone et al. [3] compare five TL-CNN models
for distinguishing motor imagery from finger movements
(Mex) using unsupervised electroencepalogram data. A novel

probability fusion technique is developed, outperforming
other methods. The approach achieves 97.9% accuracy,
93.4% precision, 95% recall, and an F1-score of 93.2%,
demonstrating potential for future real-time BCI systems.
Jaber et al. [2] highlight AI and BCI are transforming
brain–machine interaction, enhancing motor control, sen-
sory feedback, and research. AI optimizes signal processing
and control algorithms, enabling disability empowerment, per-
formance enhancement, and deeper brain insights. Challenges
include quicker training and improved sensor accuracy. Parui
et al. [7] explore healthcare system improvement through
BCI and Internet of Things collaboration for smart systems.
The visual P300 potential is suitable for controlling smart
homes via brain compute intelligence spellers. In a real
smart home scenario, users with neuro-degenerative ill-
nesses and normal people experienced high accuracy, indi-
cating IoT speed is sufficient.

3 AI in healthcare

The healthcare sector is at the forefront of process innova-
tion and the adoption of new technologies. Similarly, sig-
nificant advancements in AI have been made in recent
years [8]. MedTech companies, startups, and pharmaceu-
tical and biotechnological companies are currently concen-
trating on providing cutting-edge AI technology in areas
like early diagnosis and detection tools, preclinical studies,
clinical trials, genome research, and patient monitoring.
Along with patient management, cybersecurity, surgery
performed by robots, and fraud detection, significant

Figure 1: Taxonomy of the work.
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advances in AI are also being achieved in these areas. The
present COVID-19 pandemic has also accelerated the usage
of AI-based medical technologies, and in the years to come,
this trend is likely to continue. The rapidly changing world,
aging populations, and public health crises are putting
pressure on healthcare providers to deliver better care,
reduce costs, and apply new drug therapies. Leveraging
healthcare datasets and AI and machine learning methods
can improve healthcare delivery. The health technology
sector is expected to reach $280 billion by 2021 [9].

Here are some instances of how AI can be applied to
modernize healthcare:
• Patient community risk classification;
• Predictions and analytics for medication adherence
(behaviour);

• Propensity for disease predictive analytics;
• Hospital-acquired illnesses posed a concern to the patient;
• Clinical pathway predictions for safety analytics;
• Treatment effectiveness: optimization insights;
• Propensity for error (clinical or pharmaceutical);
• Predicting the infection rate expansion (similar to COVID);
• Predicting the infection rate growth;
• Knowledgeable medical practice assembling;
• Robotic surgery;
• Conscientiousness analytics and monitoring of health;
• Cobots: domestic helpers; and
• Processing of claims, clinical documentation, revenue
cycle control, and administration of medical records.

3.1 AI techniques and algorithms in
healthcare

AI technology and algorithms are revolutionizing existing
procedures in the healthcare industry and opening up new
avenues for diagnosis, treatment, and patient care [10].
Figure 2 illustrates the AI techniques and different algo-
rithms in the healthcare sector.

The following are some essential AI methods and algo-
rithms frequently used in the medical field.

3.1.1 Machine learning

Healthcare organizations can analyze enormous volumes
of data and derive insightful knowledge for better patient
care thanks to machine learning techniques. Supervised
learning involves training algorithms on labeled datasets
so they can correctly classify medical images, identify ill-
nesses, and forecast how well a treatment will work.
Finding hidden patterns and correlations in patient data

is made possible by unsupervised learning approaches,
which makes it easier to complete tasks like patient clus-
tering for personalized treatment and anomaly detection
for early illness diagnosis. However, to make sequential
decisions, reinforcement learning (RL) algorithms learn
from interactions with the environment [11]. This allows
them to help with dynamic treatment planning and opti-
mization depending on patient responses and feedback.

3.1.2 Deep learning

Convolutional neural networks, in particular, are deep learning
algorithms that have revolutionized medical image analysis by
automating identifying and segmenting abnormalities in pic-
tures from computed tomography scans, magnetic resonance
images, and X-rays. Because of their superior ability to interpret
sequential data, recurrent neural networks are a vital tool for
tracking the course of diseases, anticipating patient health out-
comes, and spotting possible negative events. Recent develop-
ments in deep learning, known as transformers, have shown
promise in healthcare natural language processing tasks. These
tasks include the study of patient notes, clinical documentation,
and electronic health records [12] to extract useful information
for clinical decision-making.

3.1.3 Natural language processing

Healthcare systems can now extract useful data from
unstructured clinical literature, including patient notes,
medical reports, and research publications, thanks to nat-
ural language processing [13] approaches. Named entity
recognition algorithms are used to identify and categorize
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Figure 2: AI techniques and algorithms in healthcare.
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entities from textual data, such as ailments, drugs, and
symptoms. This technology makes activities like pharma-
covigilance and clinical coding easier. Clinical papers are cate-
gorized by text classification algorithms according to their
content, which facilitates information retrieval, sentiment
analysis, and automated summaries. To support tasks such
as report production, educational materials for patients, and
clinical decision support, language generationmodels produce
content that is coherent and contextually appropriate.

3.1.4 Genetic algorithm and evolutionary computing

Treatment plans and healthcare interventions are opti-
mized by genetic algorithms and evolutionary computation
techniques taking into account patient preferences, environ-
mental circumstances, and genetic profiles [14]. By customizing
treatment plans and drug schedules to each patient’s unique
traits, these genetic data analysis approaches help personalized
medicine maximize therapeutic efficacy and minimize unplea-
sant responses. Genetic variations that affect drug metabolism
and response are found using pharmacogenomic applications
of genetic algorithms, which help choose medications and alter
dosages for the best possible patient results.

4 Interface of brain cells and AI in
healthcare

A device that converts neural data into commands that may
operate external software or hardware is known as a brain–
machine interface, or BMI. It looks like the futuristic device

that would allow people to read each other’s minds and com-
municate through brain waves is getting closer to becoming a
reality. Machine learning, signal processing, and neuroscience
contribute to the development of BCIs. Brain signal recordings
are frequently made using functional near functional
infrared spectroscopy (fNIRS). A non-invasive method for
recording brain signals is called functional neural imaging
radiography (fNIRS) [15]. Through the use of an interactive
learning technique called RL, systems can learn to interact
with their surroundings and receive rewards. The algorithm
itself is meant to adapt by utilizing a feedback signal.

4.1 An overview of BCI

The human BCI devices use brain activity to translate
human cognitive patterns. According to Figure 3, they
can manage a wheelchair or robot by using recorded brain
activity to interact with a computer in a way that is con-
sistent with human objectives when it comes to external
devices or environments [16].

BCIs fall under two main categories. BCIs of the first
kind are reactive and active. An active BCI uses patterns in
brain activity that the user directly and consciously con-
trols to operate a device, regardless of what happens out-
side the device [5]. Reactive BCI harvests brain activity
responses to environmental stimuli, which are then indir-
ectly controlled by the user to operate a device. Passive
BCI, which aims to enhance human–computer interaction
by exploring users’ perception, awareness, and cognition
without requiring voluntary control, is the second class of
BCI [17].

Figure 3: BCI framework.
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4.2 Application area of BCI in research fields

BCIs, or BCI, have become extremely potent instruments with
a wide range of applications in many scientific domains,
revolutionizing both human–computer interaction and our
comprehension of cognitive processes. By enabling simple
control mechanisms, the BCI improves user experience and
immersion in the world of game engagement by enabling
users to interact with gaming interfaces using neural signals
and navigate virtual landscapes [18]. When it comes to robot
control, the computer interface makes it easier for people to

communicate with machines and enables them to operate
robotic equipment and carry out intricate tasks using brain
signals. Additionally, BCIs give researchers a unique perspec-
tive on emotional states, degrees of exhaustion, and sleep
quality, giving them access to vital information about human
behavior, mental health, and overall well-being. BCIs are
essential tools for monitoring neurological conditions, asses-
sing cognitive function, and determining the effectiveness of
treatment treatments in clinical trials. They provide non-inva-
sive techniques for objective measurement and analysis. As
BCI technology develops further, more study fields will find
uses for it. This will spur multidisciplinary collaboration,
drive innovation, and open up new avenues for neuroscience
and human–machine interaction studies. Figure 4 highlights
the various applications of BCI in the current research fields.

4.3 RL and BCI

Model-free and model-based algorithms are the two
broad categories into which RL algorithms fall [19].
For action selection in model-free learning, the agent
merely uses some trial-and-error experience. The agent
in model-based learning makes use of lessons that have
already been learned. Algorithms based on models,
however, use dynamics models. Closed-loop brain-con-
trolled interfaces employ RL. Figure 5 represents the BCI
interface with AI.

The following is the schematic diagram of the RL-
based BCI.

RL [20] algorithms are crucial in brain-controlled inter-
faces, enabling seamless interaction between brain signals

Figure 4: Application of BCI in multiple fields of research.

Figure 5: BCI with AI.
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and external environments. They can be categorized into
model-free and model-based approaches. Model-free RL
learns from complex environment dynamics, while model-
based RL builds a dynamics model, allowing agents to make
informed decisions and maximize rewards. RL algorithms are
crucial in closed-loop brain-controlled interfaces, translating
neural signals into meaningful actions. These interfaces enable
bidirectional communication between the brain and external
devices, improving user experience and performance. RL-based
interfaces have the potential for rehabilitation and motor func-
tion restoration in individuals with neurological disorders.

4.3.1 Power and limitations of model-free algorithms

While model-free deep RL algorithms can learn a large
number of applications, they usually have a single job
that they can only learn at a time and suffer from very
high sample complexity, frequently requiring millions of
samples to obtain decent performance.

4.3.2 Power and limitations of model-based algorithms

Model-oriented to create an internal model of the changes
and immediate results in the environment, RL draws on
experience. Next, using this world model as a guide, appro-
priate actions are selected by searching or organizing.
Given that every bit of environmental information can
be recorded in a manner that is both computationally
manipulable and statistically accurate, experience can be
used in a statistically efficient manner. Action selection can
be easily adapted to changes in the transition circum-
stances and the outcomes’ utility, so long as continuous
replanning is feasible. Goal-directed actions can be sup-
ported by model-based RL because of its flexibility.

4.3.3 Implementation of RL and BCI

Brain signals can be converted using the discrete Fourier
transform from the time domain to the frequency domain.
Alpha/mu waves (8–13 Hz), beta waves (14–30 Hz), gamma
waves (>30 Hz), delta waves (0.5–3 Hz), and theta waves
(4–7 Hz) are the several frequency bands into which brain
impulses can be subdivided.

4.3.4 Filtering noise

High dimensionality, non-stationarity, noise, and complexity
characterize the raw signals. Thus, several pre-processing

stages must be completed by the signals beforehand. Following
the signals’ pre-processing, features will be taken out and
utilized to train a classifier, which will then assign classes to
various feature sets that represent hypothetical human
movement. One can reduce common noise and increase
local activity by applying spatial filters such as the Laplacian
filter or the common average reference. Deep sleep or uncon-
sciousness is indicated by delta waves; deep sleep or alertness
is indicated by theta waves; inactive wakefulness and relaxa-
tion are indicated by alpha waves; active wakefulness is indi-
cated by beta waves; and intense attention and learning are
indicated by gamma waves [21].

4.3.5 RL

To maximize a numerical long-term reward, an agent
engages in interactions in uncertain surroundings through
RL. Markov decision process is the term used to describe
an RL problem satisfying the Markov property. It is feasible
to forecast the next state using this attribute, without
taking into account the past of all states and actions, based
on the current state and action. The RL agent can deter-
mine which command to use in each state of the game
thanks to the learnt policy.

These days, we can better understand and use brain
activity to connect with computers and other devices
thanks to neural interface technologies, different signal
processing techniques, and recent advances in AI and RL.
Here, we discussed the foundations of creating AI, RL, and
BCI technologies along with the top 10 research projects
and centers in this emerging field.

5 Application of brain cells and AI
in healthcare

A revolutionary age in healthcare is being heralded by the
merging of AI technology and brain cells, which holds the
promise of ground-breaking improvements in personalized
medicine, disease detection, treatment planning, and reha-
bilitation. Healthcare systems have the potential to trans-
form patient treatment in a variety of medical specialties
by combining the computational power of AI with a com-
plex understanding of brain function. Here, we explore the
various uses of AI and brain cells in healthcare and how
these cutting-edge methods are changing the field of medi-
cine [22]. Figure 6 illustrates some of the applications of BCI
and AI in healthcare.
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5.1 Disease diagnosis and prediction

The combination of AI with brain cells transforms the
diagnosis and prognosis of disease by using sophisticated
computational algorithms to examine intricate biological
data. AI algorithms analyzed multimodal data, such as neu-
roimaging scans, genetic data, and clinical assessments, in the
context of neurological conditions like epilepsy, Parkinson’s
disease, and Alzheimer’s disease to find patterns suggestive of
the development, course, and prognosis of the condition.
Early identification of illness biomarkers improves diagnostic
accuracy and prompt therapies. This is made possible by
machine learning and deep learningmodels trained on exten-
sive datasets. Predictive analytics powered by AI also enables
medical professionals to predict the course of diseases, recog-
nize high-risk individuals, and take proactive steps to slow
the spread of illnesses and enhance patient outcomes [23].

5.2 Treatment planning and optimization

By combining the capacity of brain cells and computational
intelligence, AI-driven approaches to treatment planning
and optimization enable the customization of therapeutic
interventions and the optimization of treatment plans
based on unique patient features. AI systems enable evi-
dence-based decision-making and customized treatment
plans that are suited to the individual needs of the patient by
combining patient-specific data, such as genetic profiles, indica-
tors, imaging results, and treatment histories. Treatment
parameters can be changed in real-time via closed-loop
brain-controlled interfaces using RL algorithms in
response to dynamic changes in patient physiology and

illness development. Furthermore, clinicians can anticipate
difficulties and optimize treatment plans to maximize effi-
cacy while minimizing side effects and complications by
using predictive modeling techniques, which forecast treat-
ment response and adverse events [24].

5.3 Personalized medicine and healthcare

Personalized medicine and healthcare efforts take advan-
tage of the confluence of AI and brain cells to provide
individualized therapies and interventions based on patient
profiles. AI algorithms pick the best course of treatment and
dose by identifying patient-specific biomarkers and thera-
peutic targets through the analysis of genomic data, mole-
cular signatures, and clinical characteristics. Risk assessment
and prognosis estimation are made possible by predictive
modeling approaches, which give clinicians the ability to allo-
cate resources and prioritize interventions effectively.
Additionally, by combining complicated medical data and
delivering individualized treatment suggestions based on
each patient’s preferences, values, and health objectives, AI-
driven decision support systems enable shared decision-
making between patients and clinicians [25].

5.4 Rehabilitation and prosthetics

Enhancing the ability to move, restoring mobility, and
improving the quality of life for people with neurological
impairments or physical disabilities is made possible by
the integration of brain cells with AI technology in rehabi-
litation and prosthetics [26]. With the use of BCIs, people
can interact more independently and autonomously with
their surroundings and carry out daily tasks. BCI converts
neural signals from the brain into real-time control com-
mands for external devices, such as robotic exoskeletons,
prosthetic limbs, and assistive technologies. Through user
input, adaptability to user preferences, and reduction of
motor execution faults, RL methods maximize BCI perfor-
mance. Additionally, AI-driven neurorehabilitation plat-
forms enable motor learning, brain plasticity, and recovery
from function following neurological injury or disease by
providing personalized training plans and adaptive thera-
pies catered to the specific needs of each patient.

These applications show how combining AI and brain
cells can revolutionize healthcare by encouraging creativity,
enhancing patient outcomes, and pushing the boundaries of
medical research and technology.
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Figure 6: Application of brain cells and AI in healthcare.
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6 Future directions in brain cells
and AI integration

Future research on brain cells and the use of AI in health-
care offers revolutionary developments that will completely
change how neurological illnesses are identified, treated,
and managed. A change is apparent in the direction of
increasingly advanced BCIs that can decode complicated
neurological signals with never-before-seen accuracy and
precision. Furthermore, the merging of multimodal data
sources – such as neuroimaging, genetic, and physiological
data – to generate thorough patient profiles for personalized
medicine methods will bemade possible by developments in
neuroinformatic and computational neuroscience. Additionally,
the integration of clinical workflows with AI-driven decision
support systems will optimize treatment plans catered to the
specific needs of each patient, enhance diagnostic precision,
and expedite the delivery of healthcare. The future is full of
opportunities to use brain cells and AI to gain new insights into
brain function and disease mechanisms, which will ultimately
improve patient outcomes and quality of care globally as inter-
disciplinary collaborations grow and technology advances.

7 Conclusion

In conclusion, the fusion of AI with brain cells offers a novel
approach to healthcare that will undoubtedly improve
patient outcomes, advance medical practice, and improve
quality of life. The combination of AI and brain cells has
allowed for incredible progress in personalized medicine,
rehabilitation, disease diagnosis, and therapy optimization.
This has completely changed the way that healthcare is
delivered and researched. Researchers and doctors can dis-
cover more about brain function, neurological conditions,
and human cognition by utilizing AI algorithms and BCIs.
This will open the door to more creative and successful
healthcare interventions. To secure the ethical and respon-
sible integration of AI and brain cells in healthcare systems
worldwide, we must prioritize interdisciplinary collabora-
tion, patient-centric methods, and ethical considerations as
we navigate the future of smart healthcare. By seizing the
chances and obstacles posed by this revolutionary tech-
nology, we can expand our knowledge of the human brain,
improve communication between humans and machines,
and advance integrative methods for wellness and health-
care delivery.
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