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ABSTRACT 
 

The application of artificial intelligence (AI) in healthcare is growing as it becomes more prevalent in 
modern business and everyday life. It is frequently regarded as a significant technological 
advancement in the present period. In recent times, the fields of artificial intelligence (AI) and big 
data analytics have been utilised in the domain of mobile health (m-health) to establish a highly 
efficient healthcare system. Modern medical research utilises diverse and poorly understood data, 
including electronic health records (EHRs), medical imaging, and complex language that is widely 
unorganised. The growth of mobile applications, together with healthcare systems, is a significant 
factor leading to the presence of disorganised and unstructured datasets. The enhanced 
accessibility of diverse datasets and advanced computer techniques like machine learning can 
enable researchers to usher in a new era of highly efficient genetic therapy. This review paper has 
clarified the role of machine learning algorithms in healthcare systems. 
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1. INTRODUCTION 
 
Artificial Intelligence (AI) has become a highly 
influential technology in the 21st century, 
impacting several areas of our lives such as 
healthcare, entertainment, banking, and 
transportation [1]. However, for a significant 
number of individuals, the idea of AI remains 
enigmatic, frequently evoking visions of futuristic 
robots from science fiction or intricate algorithms 
comprehensible just to computer experts. AI 
encompasses far more than just futuristic robots 
or esoteric algorithms [2]. AI involves the 
development of computer systems capable of 
executing activities that usually necessitate 
human intelligence [3, 4]. These tasks involve a 
wide variety of activities, including as acquiring 
knowledge, logical thinking, finding solutions to 
problems, interpreting sensory information, and 
comprehending language. Machine learning, a 
subset of AI, is a crucial element that allows 
computers to acquire knowledge from data 
without the need for explicit programming [5, 6]. 
Machine learning algorithms utilize extensive 
datasets to detect patterns and provide 
predictions or judgments based on the available 
information. These algorithms drive a diverse 
range of applications, spanning from tailored 
suggestions on streaming platforms to  
identifying and preventing fraud in financial 
transactions [7, 8]. 
 

Natural language processing (NLP) is a crucial 
field in AI that allows computers to comprehend 
and analyze human discourse. Natural Language 
Processing (NLP) algorithms power virtual 
assistants such as Siri and Alexa, as well as 
language translation services and sentiment 
analysis tools employed in social media 
monitoring. Computer vision is a vital component 
of AI, enabling computers to analyze and 
comprehend visual data from their surroundings. 
This technique finds application in facial 
recognition systems, driverless vehicles, and 
medical image analysis, among various other 
domains [9-11]. 
 

The progress of AI is leading to a more 
significant and profound influence on society 
[12]. Although AI offers the potential to transform 
industries and enhance effectiveness and 
convenience, it also presents significant ethical 
and societal concerns. To ensure responsible 
and equitable deployment of AI, it is crucial to 
address concerns such as algorithmic bias, 
employment displacement, and privacy issues 
with careful consideration. Although there are 
difficulties, the potential advantages of AI are 
immense [13, 14]. AI has the potential to solve 
significant challenges faced by humanity, such 
as transforming healthcare with personalized 
treatment and addressing climate change 
through improved resource management                   
[15, 16]. 

 

 
Picture 1. Types of AI 
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AI in healthcare refers to the utilization of 
machine learning (ML) algorithms and other 
cognitive technologies in medical environments 
[17, 18]. AI, or artificial intelligence, refers to the 
ability of computers and other technologies to 
imitate human cognitive processes, such as 
learning, thinking, decision-making, and action-
taking. AI in healthcare refers to the utilization of 
machines to analyze and respond to medical 
data, typically with the aim of forecasting a 
specific result [19-21]. One important use of AI in 
healthcare involves the utilization of machine 
learning (ML) and other cognitive fields to aid in 
medical diagnostics. By leveraging patient data 
and other relevant information, artificial 
intelligence (AI) can assist doctors and medical 
professionals in delivering highly precise 
diagnoses and treatment regimens. Furthermore, 
AI has the potential to enhance healthcare                    
by utilizing advanced data analysis  techniques 
to generate enhanced preventive care 
suggestions for patients, thereby making 
healthcare more anticipatory and proactive [22, 
23].       . 
 

2. AI AND HEALTHCARE 
 
Artificial Intelligence (AI) is transforming 
healthcare through the enhancement of clinical 
procedures, the improvement of patient results, 
and the optimization of resource allocation. 

Healthcare practitioners may utilize AI algorithms 
to analyze extensive data, detect patterns, and 
make prompt and well-informed decisions [24, 
25]. A notable utilization of artificial intelligence in 
the healthcare field involves the interpretation of 
medical imaging. Artificial intelligence algorithms 
can aid radiologists in identifying anomalies in X-
rays, MRIs, and CT scans, resulting in expedited 
and more precise diagnosis. Not only does this 
enhance patient care, but it also mitigates the 
workload on healthcare staff [26-31]. 
 
Predictive analytics is another domain where AI 
excels. Through the examination of patient data, 
such as electronic health records (EHRs), 
artificial intelligence (AI) has the capability to 
forecast the advancement of diseases, detect 
individuals who are susceptible to acquiring 
specific disorders, and provide customized 
treatment strategies. By adopting a proactive 
strategy, it becomes possible to intervene early 
and provide preventative care, resulting in both a 
reduction in healthcare expenses and the saving 
of lives [32-34]. AI-driven virtual assistants are 
revolutionizing patient involvement and 
assistance. Chat bots and virtual nurses offer 
patients continuous support, addressing 
inquiries, arranging appointments, and remotely 
monitoring symptoms. This boosts the 
accessibility of healthcare services and improves 
the overall patient experience [35, 36]. 

 

 
 

Fig. 1. Application of AI in health care 
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Fig. 2. Ratio of AI in different health applications 
 
Nevertheless, the incorporation of artificial 
intelligence (AI) into the healthcare sector also 
gives rise to ethical and privacy apprehensions. 
To optimize the advantages of AI in healthcare 
and minimize potential downsides, it is 
imperative to tackle crucial difficulties such as 
protecting patient data, guaranteeing openness 
and accountability in algorithms, and mitigating 
biases in AI systems [37, 38].  Artificial 
intelligence (AI) has the capacity to completely 
transform the field of healthcare in multiple ways. 
AI is making substantial contributions in several 
critical areas: 
 

1. Medical Imaging: AI algorithms possess 
the capability to meticulously examine 
medical images, including X-rays, MRIs, 
and CT scans, with exceptional precision. 
This aids radiologists in promptly 
identifying abnormalities and diseases 
within their initial stages [39]. 

2. Diagnosis and Disease Prediction: AI 
models may analyze patient data, 
encompassing medical history, symptoms, 
and test results, to aid doctors in 
formulating more precise diagnoses and 
forecasting the evolution of diseases [40]. 

3. AI algorithms can analyze extensive 
datasets to identify possible drug 
candidates, forecast their effectiveness, 
and enhance drug development 
procedures, thus diminishing the time and 
expenses needed to introduce new drugs 
to the market [41]. 

4. Personalized Medicine: AI can utilize 
genomic data and other patient-specific 
characteristics to customize treatment 
strategies for individual patients, optimizing 

efficacy and minimizing adverse reactions 
[42]. 

5. Remote Monitoring and Telemedicine: 
Utilizing AI-powered equipment and 
algorithms, patients' health conditions can 
be monitored remotely, allowing for 
telemedicine consultations. This 
advancement enhances the accessibility of 
healthcare services, particularly in rural or 
underdeveloped regions [43]. 

6. AI has the potential to enhance healthcare 
operations by optimizing hospital 
processes, simplifying administrative 
duties, and enhancing resource allocation. 
This can result in improved patient care 
and cost-effectiveness [44]. 

7. AI-powered applications and chatbots 
have the ability to offer personalized health 
advice, facilitate behavior change program, 
and actively involve patients in managing 
their own healthcare [45, 46]. 

 
Although AI offers great potential for 
revolutionizing healthcare, it also presents 
difficulties concerning data privacy, algorithmic 
bias, regulatory compliance, and ethical 
concerns. Tackling these obstacles will be 
essential in unlocking the complete capabilities of 
AI in healthcare, while also safeguarding patient 
safety and privacy. 
 

3. DIAGNOSIS AND TREATMENT 
APPLICATIONS 

 

The field of artificial intelligence has been 
dedicated to the identification and management 
of diseases since the 1970s. During this time, 
MYCIN, a system created at Stanford University, 



 
 
 
 

Saxena et al.; J. Eng. Res. Rep., vol. 26, no. 3, pp. 49-62, 2024; Article no.JERR.113277 
 
 

 
53 

 

was built specifically for the diagnosis of bacterial 
infections in the bloodstream. Despite 
demonstrating potential for precise illness 
diagnosis and treatment; these early rule-based 
systems were not implemented in clinical 
practice. The AI algorithms did not demonstrate a 
significant improvement over human 
diagnosticians, and they were inadequately 
incorporated into clinician workflows and medical 
record systems [47-49]. 
 

IBM's Watson has garnered significant media 
attention for its recent emphasis on precision 
medicine, specifically in the areas of cancer 
diagnosis and treatment. Watson utilizes a blend 
of machine learning and natural language 
processing (NLP) capabilities [50]. Nevertheless, 
initial excitement for this utilization of the 
technology has waned as clients have                      
come to grasp the challenges of instructing 
Watson on how to tackle specific forms of     
cancer and of incorporating Watson into 
healthcare procedures and systems. Watson            
is a collection of 'cognitive services' that are 
accessed through application programming 
interfaces (APIs). These services include speech 
and language, vision, and machine learning-
based data-analysis program[51]. The majority of 
observers believe that the Watson APIs has the 
necessary technological capabilities. However, 
they consider the pursuit of cancer treatment to 
be an excessively ambitious goal. Watson and 
other proprietary programs have faced 
challenges due to competition from free 'open 
source' program offered by certain suppliers, 
including Google's TensorFlow [52, 53]. 
 

Numerous healthcare organizations have 
significant challenges when it comes to 
implementing AI. While rule-based systems 
integrated into EHR systems are extensively 
utilized, particularly within the NHS, they do not 
possess the accuracy of algorithmic systems that 
rely on machine learning. The maintenance of 
these rule-based clinical decision support 
systems proves challenging due to the constant 
evolution of medical knowledge [54]. 
Furthermore, these systems typically struggle to 
cope with the vast amount of data and 
knowledge generated by genomic, proteomic, 
metabolic, and other 'omic-based' approaches to 
healthcare [55]. 
 

The current scenario is undergoing a 
transformation, primarily observed in research 
laboratories and technology companies, rather 
than being prevalent in clinical settings. Almost 
every week, a research laboratory asserts that it 

has devised a method utilizing artificial 
intelligence or big data to diagnose and cure a 
disease with comparable or superior precision 
compared to human practitioners [56, 57]. The 
majority of these discoveries are derived from the 
examination of radiological images; however a 
few encompass alternative forms of imaging 
including retinal scanning or genomic-based 
precision medicine [58]. These results, which rely 
on machine learning models that use statistics, 
are introducing a new era of medicine that is 
centered on evidence and probability. While this 
is widely seen as a positive development, it also 
presents numerous issues in the realms of 
medical ethics and the relationships between 
patients and clinicians [59]. 
 
Technology companies and emerging 
businesses are likewise diligently working on the 
same challenges [60]. Google is partnering with 
health delivery networks to develop predictive 
models using large datasets in order to alert 
clinicians about high-risk illnesses, such as 
sepsis and heart failure. Google, Enclitic, and 
several other startups are creating artificial 
intelligence-based image interpretation 
algorithms [61]. Jvion provides a 'clinical success 
machine' that accurately identifies patients who 
are at the highest risk and those who are most 
likely to respond positively to treatment program. 
Each of these tools could offer decision support 
to clinicians who are attempting to identify the 
optimal diagnosis and therapy for patients [62]. 
 

Additionally, there are some specialized firms 
that specifically concentrate on diagnosing and 
providing treatment suggestions for specific 
types of malignancies, taking into account their 
genetic profiles. Due to the genetic nature of 
many cancers, human doctors are facing growing 
challenges in comprehending the whole range of 
genetic variations in cancer and their reactions to 
novel medications and regimens. Companies like 
as Foundation Medicine and Flatiron Health, 
which are currently under the ownership of 
Roche, focus specifically on this methodology 
[63-65]. Both healthcare providers and payers 
are utilizing machine learning models in the field 
of 'population health' to forecast populations that 
are susceptible to specific diseases or accidents, 
as well as to anticipate instances of hospital 
readmission. While these models can be                
helpful in making predictions, they may 
occasionally miss important data, such                        
as the socio-economic status of patients, which 
could enhance their predictive capabilities                  
[66, 67]. 
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Fig. 3. Examples of AI in diagnosis 
 
However, regardless of whether they are rules-
based or algorithmic, integrating AI-based 
diagnosis and treatment suggestions into clinical 
workflows and EHR systems can be difficult at 
times. The challenges related to integration have 
likely hindered the widespread adoption of AI 
more than any difficulty in delivering precise and 
efficient recommendations. Additionally, many 
AI-driven diagnostic and treatment capabilities 
offered by technology companies are 
independent or focus solely on a specific area of 
healthcare. Certain Electronic Health Record 
(EHR) suppliers have started including 
rudimentary Artificial Intelligence (AI) capabilities, 
surpassing basic rule-based clinical decision 
assistance, in their products. However, these AI 
functions are still in their early developmental 
phases. Providers will need to either engage in 
significant integration initiatives alone or await 
the inclusion of additional AI capabilities by EHR 
vendors [68-70]. 
 

4. AI IN GENOMIC MEDICINE 
 
The integration of artificial intelligence (AI) with 
genetic analysis has great potential in the fields 
of illness monitoring, forecasting, and 
individualized healthcare. When utilized on a 
wide scale, AI can efficiently surveil for 
developing disease risks (such as COVID-19), 
while genomic data can offer significant 
knowledge about genetic indicators linked to 
heightened vulnerability to particular illnesses.  
By training machine learning algorithms to 
recognize these indicators in live data, we can 
enable the prompt identification of impending 
epidemics [71-73].  

ML algorithms enable the prediction of a wide 
range of phenotypes, including both basic 
features like eye colour and more complex ones 
like as the response to certain treatments or 
susceptibility to diseases. AI and ML have 
proven to be highly effective in identifying genetic 
variants linked to unique features or diseases. 
Analyzing large genomic datasets enables these 
methods to identify complex patterns that are 
frequently difficult to find through manual 
analysis. An innovative study utilized a 
sophisticated neural network to detect genetic 
variations linked to autism spectrum disorder 
(ASD), accurately forecasting the presence of 
ASD based exclusively on genomic information 
[74]. Transcriptomic profiling can be used to 
categories tumors into clinically relevant 
molecular subtypes in the field of oncology. 
Molecular classifications, initially devised for 
breast cancer and then expanded to include 
other cancers such as colorectal, ovarian, and 
sarcomas, have significant consequences for the 
identification, prediction of outcome, and choice 
of treatment [75-77]. Conventional computational 
techniques used to classify different types of 
malignancies, including support vector machines 
(SVMs) or k-nearest neighbors, are prone to 
inaccuracies caused by batch effects and tend to 
priorities a limited number of characteristic 
genes, so overlooking crucial biological details 
[78, 79]. 
 
The emergence of high-throughput genome 
sequences technologies, along with 
improvements in artificial intelligence (AI) and 
machine learning (ML), has established a robust 
basis for expediting personalized medicine and 
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drug discovery. The intricate nature of vast 
genomic data poses significant challenges in its 
interpretation, despite its abundance of beneficial 
information [80, 81]. The utilization of AI and ML 
has significantly enhanced the field of drug 
discovery. The concurrent examination of 
comprehensive genetic data and additional 
clinical factors, such as drug effectiveness or 
negative outcomes, enables the discovery of 
innovative therapeutic targets or the reutilization 
of current pharmaceuticals for new uses [82, 83]. 
A prominent obstacle in the field of drug 
development is the occurrence of non-clinical 
toxicity, which contributes to a substantial 
proportion of drug failures in the context of 
clinical trials. Nevertheless, the increasing use of 
computational modeling is making it possible to 
forecast drug toxicity, a factor that might greatly 
enhance the drug development procedure. This 
competence is crucial for effectively dealing with 
prevalent forms of medication toxicity, such as 
cardio toxicity and hepatotoxicity, which 
frequently result in the withdrawal of 
pharmaceuticals from the market [84, 85]. 
 

5. MANAGEMENT 
 
An important feature of AI approaches is their 
ability to potentially facilitate holistic management 

of health services [86]. These programs can 
assist healthcare professionals and 
administrators in their tasks. For example, an AI 
system can deliver continuous, potentially real-
time updates of medical information to healthcare 
practitioners from diverse sources, such as 
journals, textbooks, and clinical practices [87]. 
The importance of these applications is 
increasingly crucial during the COVID-19 period, 
since there is a continuous requirement for 
information exchange to effectively handle the 
global epidemic. Additional uses include the 
coordination of information resources for patients 
and the facilitation of accurate deductions for 
health risk alarms and health outcome prediction 
[88]. AI applications enhance the efficiency of 
hospitals and health services by enabling the 
following benefits: 
  

• Clinicians can promptly access data as 
needed.  

• Nurses can enhance patient safety while 
administering medication.  

• Patients can actively participate in their 
care by communicating with their medical 
teams during hospital stays. 

 

 

 
 

Fig. 4. AI Algorithms used in Health industry 
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In addition, AI can enhance logistics processes 
by implementing a just-in-time supply system for 
pharmaceuticals and equipment, utilizing 
predictive algorithms [89]. Furthermore, intriguing 
applications can facilitate the instruction of 
workers employed in the healthcare industry. 
This evidence has the potential to facilitate the 
integration of urban and rural health services. 
Health services management can utilize AI to 
optimize the utilization of data in electronic health 
records. This can be achieved by predicting 
variations in data across different healthcare 
facilities, identifying anomalies, conducting 
clinical tests on the data, standardizing patient 
representation, enhancing predictive models for 
diagnostic tests and analyses, and establishing 
transparency through benchmark data for service 
analysis [90, 91]. 
 

6. PREDICTIVE MEDICINE 
 
Another pertinent subject is the utilization of 
artificial intelligence (AI) in predicting and 
diagnosing diseases, as well as assessing 
treatment outcomes and evaluating prognoses. 
AI's ability to discern significant correlations in 
unprocessed data enables it to provide 
assistance in diagnosing, treating, and predicting 
outcomes in various medical scenarios. It 
enables healthcare providers to adopt a 
proactive approach in managing the beginnings 
of diseases. Furthermore, it is feasible to make 
predictions in order to identify risk factors and 
determinants for each individual patient, which 
can aid in targeting healthcare interventions for 
improved results. AI techniques can assist in the 
design and development of novel 
pharmaceuticals, as well as in the monitoring of 
patients and the customization of treatment plans 
for individual patients. Physicians derive 
advantages from having increased time and 
succinct data to enhance their patient-related 
decision-making. The implementation of AI-
driven machine learning has the potential to 
revolutionize the field of medicine by enabling the 
development of predictive models for 
pharmaceuticals and diagnostic tests that can 
continuously monitor patients throughout their 
lifetimes [92-94]. 
 

7. CLINICAL DECISION-MAKING 
 
An important focus of keyword analysis is the 
potential for AI applications to assist doctors and 
medical researchers in making clinical decisions. 
Jiang et al. state that AI has the potential to 
enhance physicians' clinical decision-making and 

potentially supplant human judgement in 
healthcare-specific functional domains. Bennett 
and Hauser argue that algorithms can enhance 
clinical decision-making by expediting the 
process and the quantity of treatment delivered, 
hence positively influencing the cost of 
healthcare services. Hence, AI technologies 
have the potential to assist medical professionals 
in their tasks and streamline their work. Redondo 
and Sandoval have discovered that algorithmic 
platforms can offer virtual assistance to aid 
doctors in comprehending the meaning of 
language and acquiring knowledge to resolve 
business process inquiries in a manner similar to 
that of a human[95-97].  
 

8. MEDICAL ROBOTICS 
 
Aside from healthcare professionals, specific 
medical robots provide aid to patients. 
Exoskeleton robots, such as those, can aid those 
with paralysis in regaining the ability to walk and 
achieving independence. An intelligent 
prosthesis serves as another illustration of 
technology in operation. These bionic limbs are 
equipped with sensors that enhance their 
responsiveness and accuracy beyond that of 
natural body parts. Additionally, users have the 
choice to cover these limbs with bionic skin and 
connect them to their muscles. Robots have the 
capability to assist in the processes of 
rehabilitation and surgery. The Hybrid Assistive 
Limb (HAL) exoskeleton, developed by 
Cyberdyne, is specifically designed to aid in the 
rehabilitation of patients suffering from lower limb 
disorders caused by conditions like spinal cord 
injuries and strokes. This advanced technology 
utilizes sensors placed on the skin to accurately 
detect electrical signals within the patient's body. 
In response, the exoskeleton facilitates 
movement at the joints, effectively assisting in 
the patient's recovery process [98-101]. 
 

9. FUTURE PERSPECTIVES 
 
The expanding capabilities of artificial 
intelligence in healthcare have made it 
increasingly feasible to utilize it for enhancing 
medical practices. The boundless potential of 
utilising AI in healthcare is evident with the 
advancements in AI-powered medical 
instruments and sophisticated algorithms 
capable of interpreting vast data sets. Deep 
learning artificial intelligence (AI) can expedite 
disease detection, offer customized treatment 
strategies, and automate tasks like drug research 
and diagnostics. Furthermore, it exhibits potential 
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for enhancing patient results, augmenting safety, 
and diminishing expenses related to healthcare 
provision.  The prospects for utilizing artificial 
intelligence in healthcare are undeniably 
promising and brimming with opportunities for 
continued advancement. As society progresses 
towards a more interconnected digital era, the 
utilization of artificial intelligence (AI) in the 
healthcare sector will prove to be an 
indispensable resource that has the potential to 
revolutionize the methods by which physicians 
provide medical treatment and administer 
healthcare. Artificial intelligence in healthcare 
has immense potential to bring forth significant 
improvements, enhance health outcomes, and 
provide superior patient experiences [102, 103]. 
 
We firmly assert that AI will play crucial role in 
the future healthcare services. Machine learning 
is the fundamental capacity that drives the 
development of precision medicine, which is 
universally recognized as a crucial advancement 
in healthcare. Despite the initial difficulties 
encountered in developing diagnosis and 
treatment suggestions, we anticipate that AI will 
eventually achieve expertise in this field. 
Considering the swift progress in artificial 
intelligence (AI) for the examination of images, it 
is probable that a computer would eventually 
scrutinize the majority of radiology and pathology 
images. The utilization of speech and text 
recognition is currently prevalent in tasks such as 
patient communication and the recording of 
clinical notes, and its usage is expected to grow 
[104, 105]. 
 
The primary obstacle for AI in healthcare lies not 
in the capabilities of the technology themselves, 
but rather in guaranteeing their integration into 
routine clinical practice. In order for widespread 
adoption to occur, regulators must grant approval 
to AI systems. These systems must also be 
integrated with electronic health record (EHR) 
systems and standardized to a significant extent, 
ensuring that similar products function in a 
comparable manner. Additionally, clinicians must 
be educated on how to use these systems, and 
their costs must be covered by either public or 
private payer organizations. Furthermore, 
continuous updates in the field are necessary to 
keep these issues will eventually be resolved, but 
their resolution will require significantly more time 
compared to the maturation of the technologies 
themselves. Consequently, we anticipate a 
restricted use of AI in clinical practice over a 
span of 5 years, followed by a more widespread 
implementation within a decade. It is becoming 

increasingly evident that AI systems will not 
extensively replace human clinicians, but rather 
enhance their efforts in providing patient care. 
Over time, human doctors may transition towards 
jobs and work designs that utilize distinctively 
human abilities such as empathy, persuasion, 
and holistic integration. The only healthcare 
providers who may face job loss in the future are 
those who are unwilling to collaborate with 
artificial intelligence. 
 

10. CONCLUSIONS 
 
Artificial intelligence (AI) is increasingly being 
applied to healthcare, as it becomes more 
widespread in contemporary business and daily 
existence. Artificial intelligence has the capacity 
to assist healthcare providers in multiple ways, 
encompassing patient care and administrative 
duties. While the healthcare industry benefits 
from a majority of AI and healthcare 
breakthroughs, the tactics they support can vary 
significantly. Although several publications assert 
that artificial intelligence (AI) may match or 
surpass human performance in certain tasks, 
such as detecting illnesses, it will take a 
considerable amount of time before AI 
completely supplants humans in various medical 
roles within the healthcare industry. 
 
Despite notable advancements, the utilization of 
AI in healthcare is still in its nascent phase. 
Ongoing research consistently enhances the 
technology, leading to significant breakthroughs 
in various industries in the future. Artificial 
intelligence (AI) and machine learning have 
significant potential to make valuable 
contributions in the healthcare industry, which is 
currently experiencing rapid digital change. 
These technologies have the ability to greatly 
enhance the quality of life for patients. 
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