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Abstract : Artificial Intelligence (AI) is fast 

changing the environmental health care 

delivery to incorporate the latest 

computational methodology to professionalize 

the process of diagnosis, treatment, and 

hospital management as well as foster patient 

participation. This review examines the 

present-day use of major AI technologies such 

as: machine learning, the deep learning, 

natural language processing, the computer 

vision, and robotics in the clinical, 

administrative and operational areas. Among 

those it points out the AI-assisted medical 

imaging, risk stratification through predictive 

analytics, clinical decision support system, 

precision medicine, remote patient monitoring, 

and hospital automation. Even with these 

breakthroughs, the application of AI is 

experiencing major challenges regarding data 

privacy, bias of algorithms, non-transparency, 

uncertainty of regulations, and ethics. 

Combining the extant research and practical 

examples of implementation, this paper 

highlights the successful opportunities of AI in 

medicine and sophisticated obstacles. The 

results will direct the policymakers, healthcare 

specialists, and technology developers to 

implement responsible and successful 

application of AI systems that enhance the 

delivery of equitable, efficient, and high-

quality care. 
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1.0 Introduction 
 

The world is experiencing a growing pressure 

within healthcare delivery systems to deliver 

high-quality care, cope with increased costs, 

and respond to the workforce shortages and the 

burden of chronic diseases and aging 

populations (Topol, 2019; Rajkomar et al., 

2019). Such issues are also compounded by 

ineffective hospital management, a lack of 

cohesive patient information, waiting delays, 

and misdiagnosis; healthcare inequity in rural 

areas and between underprivileged and non-

urban regions (Obermeyer & Emanuel, 2016). 

Often, traditional models of healthcare fall 

short of being agile enough to respond to these 

changing demands and are losing favor as the 

adequate modality to provide timely, 

personalized, and effective care (Umoren & 

Adukpo 2025; Dada et al., 2024). 
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In that regard, Artificial Intelligence (AI) has 

appeared as such a revolutionary tool that can 

radically change the delivery of healthcare. As 

far as AI is concerned, it is related to the use of 

any computational technologies that attempt to 

mimic human intelligence, and which 

encompass such abilities as reasoning, 

learning, perception, understanding the 

language (Adjei, 2025a; 2025b; 2025c; Jiang et 

al., 2017;). The application of AI in healthcare 

is very diverse, with many different 

subdomains, such as machine learning (ML), 

deep learning (DL), natural language 

processing (NLP), computer vision, and 

robotics, each having different functions within 

health care both clinically, operationally, and 

administratively (Esteva et al., 2019; Yu et al., 

2018). 

The AI in healthcare has experienced a drastic 

increase in the past years. Medical images used 

to detect the disease at an early stage (e.g., 

radiology, pathology), patient real-time 

monitoring due to the wearable gadgets used to 

conclude on vitals, hospital workflow 

automation, diagnostic decision support, and 

even anticipating disease releases based on the 

population health data (Li et al., 2020; 

Haenssle et al., 2018) are now investigated 

with the usage of AI algorithms (Abolade, 

2024). As an example, in tasks like diabetic 

retinopathy detection, skin cancer detection, 

and lung nodule detection, diagnostic accuracy 

of deep learning models was at least as high as 

human clinicians (Gulshan et al., 2016; 

Haenssle et al., 2018). Also, AI is also 

becoming a part of Electronic Health Records 

(EHRs) to enhance data management, decrease 

physician burnout, and deliver risk 

stratification predictive analytics (Shickel et 

al., 2018). 

 

 

 
Fig 1: Different applications of AI in healthcare (Source: Shang et al., 2024) 

 

Nevertheless, there are challenges associated 

with implementation of AI in healthcare 

delivery despite the improvements. There are  

also issues of algorithm transparency and data 

privacy as well as ethical considerations, biases 

in training data, and fitting into the current 

healthcare infrastructure (Topol, 2019). 

Moreover, the absence of uniform regulatory 

policies on AI-based tools suffocates their wide 

use in the sphere of clinical application. 
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However, the possibilities to enhance 

diagnostic accuracy, optimize procedures, 

increase the involvement of patients and 

minimize healthcare expenses with the help of 

AI are enormous and keep attracting interest of 

global scholars and practitioners. 

The purpose of this review is to provide a 

comprehensive examination of how AI 

technologies are being applied to enhance 

healthcare delivery systems. Specifically, it 

aims to: (1) explore the key areas where AI is 

currently deployed in healthcare; (2) highlight 

notable advancements and their impact on care 

delivery; (3) discuss the integration of AI into 

hospital and clinical workflows; and (4) 

identify barriers to implementation and 

propose future research directions. By 

synthesizing existing literature, this review will 

serve as a valuable resource for stakeholders 

seeking to understand the transformative role 

of AI in modern healthcare systems and how 

these technologies can be effectively leveraged 

to address longstanding inefficiencies and 

disparities. 
 

2. 0 Types of AI Technologies in 

Healthcare 
 

Artificial Intelligence (AI) is a continuum of 

computational procedures that endeavour to 

imitate the human mind including learning, 

reasoning, perception as well as decision-

making. AI is not a single technology, and 

instead, it has various interdependent subfields, 

each applicable to a different part of healthcare 

delivery uniquely. Five prominent AI 

technologies have been rapidly deployed 

across all diagnostic, prognostic, 

administrative, and therapeutic fronts to 

include Machine Learning, Deep Learning, 

Natural Language Processing, Computer 

Vision, and Robotics (Jiang et al., 2017; Yu et 

al., 2018). 
 

2.1 Machine Learning (ML) 
 

The essence of AI is its capability to learn 

through the data and enhance itself as time goes 

by without programming, which is powered by 

Machine Learning (ML) (Ufomba & Ndibe 

2023; Ndibe 2025b; Ademilua & Areghan 

2025a; 2025b; Okolo et al., 2025; Ndibe 

2025a; Abolade, 2023; Ndibe & Ufomba 2024; 

Okolo et al., 2025; Ademilua & Areghan 

2022). Supervised learning algorithms, 

including decision trees, support vector 

machines (SVM) and gradient boosting, are to 

be trained using labeled clinical data to perform 

classification tasks on disease states (and/or 

outcome prediction) (Topol et al., 2019). As an 

illustration, random forests have been used to 

forecast 30-day hospital readmissions to a level 

of more than 80 percent accuracy using 

structured electronic health record (EHR) 

information (Miotto et al., 2018). By 

establishing hidden patient subgroups or 

patterns of biomarkers, unsupervised learning 

procedures, such as clustering and 

dimensionality reduction can reveal hidden 

patient subgroups or biomarker patterns; an 

example was illustrated in oncology, where 

novel molecular subtypes of breast cancer were 

identified (Shickel et al., 2017). In more recent 

developments, reinforcement learning is now 

being used to optimize treatment protocols; 

such that agents can learn optimal insulin 

administration regimens via trial-and-error 

interactions, leading to improved glycemic 

control with diabetic persons (Chu et al., 2023). 

Nonetheless, despite such successes, ML 

applications are forced to pay attention to 

feature engineering, processing missing data, 

and stringent cross-validation on multicenter 

cohorts to make them robust and generalizable 

(Rajkomar et al., 2019). 
 

2.2 Deep Learning (DL) 
 

The Deep Learning (DL) is another domain-

specific form of ML which utilizes multi-

layered artificial neural networks to learn 

hierarchical levels automatically on uncooked 

data. Convolutional Neural Networks (CNNs) 

transformed medical imaging: they perform 

like or better than human experts in the tasks of 

detecting diabetic retinopathy, classifying 
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pulmonary nodules on CT scans (Gulshan et 

al., 2016; Ardila et al., 2019), as well as 

detecting lung cancer on CT scans (Gulshan et 

al., 2016). Advances in architecture, such as 

Efficient Net and Transformer-based vision 

models have potential to improve existing 

diagnostics further. In the case of sequential 

plant data, Recurrent Neural Networks (RNNs) 

and attention-based Transformers handle the 

time-series signal of continuous vital signs to 

provide early warning systems that predict 

sepsis up to 12 hours in advance of the clinical 

process within the intensive care unit (Shamout 

et al., 2021). Generative models (e.g. 

variational autoencoders (VAEs) and 

generative adversarial networks (GANs)) can 

also create realistic medical images and 

increase the size of datasets serving rare 

diseases to reinforce algorithm training and 

resilience (Yi et al., 2019). Nonetheless, the 

problems of DL, such as the requirement of big 

labeled datasets, heavy computational burden, 

and their black-box nature, does encourage 

effective architecture and explainable deep 

learning developments (Doshi-Velez & Kim, 

2017). 
 

2.3 Natural Language Processing (NLP) 
 

Natural Language Processing (NLP) enables 

machines to read and write human language 

and can open a magnificent possibility of 

unstructured clinical text. State of the art NLP 

systems are a hybrid of rule-based systems and 

deep learning systems (e.g., BiLSTM-CRF, 

BERT), they have able to extract structured 

information - diagnoses, medications, lab 

results - with F1-scores over 90% in physician 

notes and discharge summaries (Meystre et al., 

2008). Fine-tuning transformer models on 

clinical corpora allows leveraging documents 

to automatically construct coherent discharge 

reports and can advance documentation by 

significantly reducing the workload on the 

clinician (Lee et al., 2020). Also, conversations 

with conversational agents based on the 

application of the intent-labeling approach and 

dialog agents can lead patients through 

symptom triaging, medication compliance, and 

appointment scheduling (thereby improved 

engagement and reduced administrative load) 

(Chow et al., 2024). Clinical NLP also faces 

two notable challenges, the first is how to 

handle specific medical terminologies and the 

second is how to avoid error spreading 

throughout any processing pipeline as well as 

protecting patient privacy in streaming 

sensitive text. 
 

2.4 Computer Vision 
 

Computer vision aims to allow medical 

imaging signals in AI systems to comprehend, 

interpret, and analyze the visual data. In 

addition to the lesion detection, the advanced 

segmentation networks (including U-Net and 

Mask R-CNN) define the borders of the organ 

and tumor volume, which can help with 

radiotherapy planning and surgical navigation 

with great accuracy (Lakhani & Sundaram, 

2017). Video analysis of direct endoscopic and 

laparoscopic systems can detect anatomical 

landmarks, forecast based on previous surgical 

stages, and warn operators about possible 

complications in the operating room by 

displaying real-time video in the OR (Maier-

Hein et al., 2017). In addition, mobile 

computer vision has the potential to access 

low-resource settings and screen low-resource 

populations to diagnose ailments such as 

diabetic retinopathy and anemia through the 

use of mobile cameras and AI, democratizing 

diagnostic devices (Rajalakshmi et al., 2018). 

The key to successful implementation lies in 

standardization of image acquisition protocols, 

domain fluctuations across devices and 

demonstration of the performance level via 

prospective clinical trials. 
 

2.5 Robotics and Automation 
 

Robotics is an application of AI, which 

incorporates perception, planning, and control 

to execute an accurate and repeatable 

responsibility in surgical, rehabilitative, and 

logistical applications. The robot in surgery, 
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like the da Vinci Surgical System, employs AI 

in motion scaling, tremor-free movements, and 

is on its way to semi-autonomous surgery 

capabilities (ie automated stitches with expert 

assistance) (Yang et al., 2017). Exoskeleton 

and robot-assisted in rehabilitation their 

assistance level may change dynamically, in 

accordance with the patient performance 

metrics, thus enabling a post-stroke or spinal 

cord injured patient to have a customized motor 

recovery regime (Louie & Eng, 2016).  

Operationally, technical equipment such as 

autonomous mobile robots (AMRs) can be 

used to perform the supply and medications 

delivery process within the hospital to limit the 

exposure of its staff to infectious agents and 

allow clinicians to prioritize direct patient care 

activities (Shukla et al., 2021). Safety, the 

intuitiveness of a human-machine interface, 

and the regulatory approval of the hardware 

and AI software elements are the priorities to 

achieve mass implementation. 

 

 
Fig 2: Main AI types in healthcare (After Robert, & Avdhoot. 2025) 

 

3. 0 Applications of AI in Healthcare 

Delivery 
 

Artificial Intelligence (AI) integration in the 

medical delivery system has produced game-

changing breakthroughs in various medical 

areas. Whether thy are used to boost the quality 

of diagnostics or allocate resources more 

efficiently, AI-powered systems augment 

clinical outcomes and decision-making, 

interventions in administrative processes, and 

expansion to underserved demographics 

(Topol, 2019; Rajkomar et al., 2019). We 

discuss six key topic areas in which AI is 

transforming the delivery of healthcare within 

this section and provide real life examples, 

latest studies, and the potential trends in each 

topic area. 
 

3.1 Medical Imaging and Diagnostics 
 

AI has changed medical imaging due to deep 

learning (especially convolutional neural 

networks (CNNs) and the capability to interpret 

medical scans, including X-rays, CT, MRI, and 

ultrasound. Initial experiments showed that 

CNNs were performing at the same level as a 

dermatologist when it came to the classification 

of skin cancer with more than 90% sensitivity 

and specificity (Esteva et al., 2017). More 

recently, CNNs that have been trained on low-
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dose chest CT scans have been used to identify 

lung nodules with accuracy of 94.4% to enable 

early lung cancer screening using low-dose 

chest CT scans (Ardila et al., 2019). In breast 

imaging, artificial intelligence with radiomic 

features is now capable of directly predicting 

tumor subtype and receptor status using MRI 

scans, and may someday obviate invasive 

biopsies (Li et al., 2019). Besides detection, AI 

has been found to streamline workflow: pre-

triaging of the next scan by the algorithm 

identifies important findings, including 

intracranial hemorrhage, to be reviewed with a 

priority, which accelerates radiologist 

turnaround time by up to 30 percent (van 

Winkel et al., 2021). There are ongoing 

attempts to create multimodal AI platforms that 

would combine imaging information with 

clinical data (e.g., lab results, patient history) to 

be able to offer more detailed diagnostic means 

and different diagnostic indications (Liu et al., 

2020). 
 

3.2 Predictive Analytics and Risk 

Stratification 
 

Machine learning (ML) models perform very 

well in finding complex patterns in large 

patient data so as to predict patient trajectories. 

Gradient-boosted decision trees and recurrent 

neural networks have been confirmed in 

intensive care units (ICUs) to predict sepsis 

earlier than 12 hours before clinical detection 

of sepsis has occurred, with a potential 

reduction in ICU mortality of up to 20 percent 

on simulated tests based on the MIMIC-IV 

database (Shamout et al., 2021). In managing 

chronic diseases, the longitudinal ML responds 

in organizing temporal features of EHR records 

of medications, vital signs, lab trends to 

categorize the heart failure patients into risk 

levels of readmission, hence giving priority to 

the high-need individuals in home health 

interventions (Miotto et al., 2018). New 

developments in the field of digital twin 

technology involve patient-specific 

computational models of disease-that can be 

trained using multimodal clinical data-and be 

used to test the response to treatment virtually 

(Bruynseels et al., 2018). Leading to real 

personalized medicine, such predictive 

simulations allow clinicians to run through a 

myriad of different therapeutic regimes 

virtually before using the same in vivo. 
 

3.3 Clinical Decision Support Systems 

(CDSS) 
 

Clinical Decision Support Systems (CDSS) 

combine the data about patients, literature and 

practice guidelines and provide evidence-based 

recommendations at point of care, where AI is 

used to enhance outcomes. Natural Language 

Processing (NLP) can derive subtle 

understandings out of unstructured clinical 

notes including social determinants of health, 

patient preference and documented allergies 

that structured fields will not capture (Meystre 

et al., 2017). Connection to UpToDate and 

national databases of guidelines enables CDSS 

to recommend the best approaches to diagnosis 

and the use of therapy options, diminishing 

guideline nonadherence by 25 percent in 

community hospital environments (Barbieri et 

al., 2021). Practical implementations 

demonstrate that AI-enabled alerting can 

minimize adverse drug events in detecting 

possible drug-drug interaction/dosage error in 

a prescription stage. Learning happens through 

reinforcement learning as clinicians use 

Adaptive CDSS platforms and the system gives 

a continuous improvement of the 

recommendations it gives based on feedback 

received, and thus reduced alert fatigue and 

increased user trust (Shamout et al., 2021). 
 

3.4 Personalized and Precision Medicine 
 

AI plays a central role in making precision 

medicine a reality, transforming big data on 

genomic data, proteomic data as well as 

metabolomic data into information that can be 

applied in clinical practice. Predictions of 

cancer immunotherapy response based on 

tumor mutational burden and immune-gene 

expression appear to have an area under the 

curve (AUC) of greater than 0.85 in a variety 
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of solid tumor cohorts using deep learning 

(Jiang et al., 2018). Pharmacogenomics In 

pharmacogenomics, ML has been used to 

predict the rate of drug metabolism in 

individual patients by analyzing the 

polymorphisms in the cytochrome P450 

enzyme, informing adjustments to avoid drug 

toxicity (Relling & Evans, 2015). Polygenic 

risk scores AI is also the basis of this 

technology in which thousands of genetic 

variants are weighsed to evaluate the 

susceptibility of an individual to a disease. 

These scores- learned through penalized 

regression methods and neural nets 

approaches- are used in early-screening 

interventions in diseases like coronary artery 

diseases or type 2 diabetes (van Winkel et al., 

2021). With the rising affordability of single-

cell sequencing, AI methods are under 

development to profile cell-type specificity in 

expression that identifies new therapeutic 

targets on a never before possible level of 

granularity. 
 

3.5 Virtual Health Assistants and Remote 

Monitoring 
 

Chatbots and virtual assistants using AI can be 

used to do triaging of symptoms, remind 

patients of prescription medication, and teach 

patients, offloading typical questions to the 

clinical team. Under the circumstances of the 

COVID-19 pandemic, these mechanisms check 

symptoms at large health systems and provided 

more than 50,000 symptom checks daily, 

leading to preventing unnecessary ER 

checkups by 40 per cent because of earlier 

response in detecting risks (Chow et al., 2024). 

At the same time, wearable devices based on 

AI constantly collect physiologic data heart 

rate variability, glucose, sleep metrics, and 

utilize anomaly detection to produce real-time 

notifications. The use of AI-enhanced gait 

analysis and trending vital-signs allow remote 

monitoring of post-operative patients, and has 

demonstrated the ability to detect deep vein 

thrombosis days before clinical symptoms 

(Tariq et al., 2024). 
 

3.6 Hospital Operations and Administrative 

Efficiency 
 

In addition to direct care of patients, AI 

increases efficiencies of hospitals and 

administrative processes. Predictive models 

predict volumes of admission and bed 

occupancy within seven days and help the staff 

plan on resources and amount of employees in 

order to ensure a 15 percent decrease in 

occupancy variance (Yu et al., 2018). 

Computer vision automated patient triage 

kiosks utilize computer vision to register vitals 

alongside intake questionnaires by means of 

NLP and divide incoming patients into groups 

according to acuity to reduce et wait time in the 

ER and increase patient satisfaction scores (Liu 

et al., 2025). Robotic process automation 

(RPA) addresses common redundant tasks like 

billing, claims adjudication and supply chain 

order. It has been found that there was a 70 

percent and 30 percent reduction in billing 

errors and cost savings once RPA was used to 

automate insurance pre-authorization 

workflows (Patrício, 2024). With the efforts of 

hospitals in achieving operational perfection, 

the deployment of AI on predictive 

maintenance of healthcare equipment and 

smart inventory management adds even more 

to the cost-containment efforts and improved 

confidence in service outcomes. 

Although Artificial Intelligence (AI) in 

healthcare delivery brings promising benefits, 

the implementation on a large scale comes 

along with a lot of challenges and ethical 

issues. These obstacles lie in technological, 

regulatory, institutional, and social spheres and 

have to be overcome so that AI should be 

incorporated into the healthcare system 

responsibly, fairly, and effectively. 
 

4.1 Benefits of AI in Healthcare Delivery 
 

Improved Accuracy: In the domain of 

medical diagnostics, AI algorithms and, in 

particular, deep learning models, have shown 
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high precision. As an example, imaging 

algorithms based on AI are already able to 

identify diseases (including breast cancer and 

diabetic retinopathy) with the same or better 

accuracy than professionals (Esteva et al., 

2017). Machine learning studies huge volumes 

of data, picking out links that can otherwise be 

beyond the personal observation of human 

doctors, thereby increasing the accuracy of 

diagnosis (Topol, 2019). As an illustration,. 

DeepMind established by Google was able to 

identify diabetic retinopathy with the accuracy 

of 94% which is higher than that of certain 

human experts (Gulshan et al., 2016). 

4. 0 Benefits, Challenges and Ethical 

Considerations in AI Healthcare Integration 
 

Speed:  Artificial intelligence makes 

healthcare work faster since some time-

consuming tasks become automatic (Adjei 

2025a; 2025c). With NLP algorithms, it is 

possible to retrieve relevant information on 

electronic health records (EHRs), which opens 

clinical decision-making to a faster pace in a 

matter of seconds (Rajkomar et al., 2018). 

During emergencies, AI triage systems can 

speed up the process by ranking the patients 

according to the level of their condition, 

alleviating the wait time and enhancing success  

(Levin et al., 2019). As an example, triage tools 

in emergency departments based on AI have 

led to shorter patient processing time by 30% 

(Hong et al., 2020). 
 

Table 1: Applications of AI in Healthcare Delivery Systems 
 

Application Area AI Technology 

Used 

Healthcare Impact Example/Use Case 

Medical Imaging Deep Learning 

(CNNs) 

Accurate disease 

detection, reduced 

diagnostic errors 

Detection of lung 

nodules, skin cancer, 

fractures 

Predictive 

Analytics 

Machine Learning Risk stratification, early 

intervention 

Predicting sepsis or 

cardiac arrest in ICU 

patients 

Clinical Decision 

Support 

NLP + ML Informed diagnosis and 

treatment planning 

Suggesting differential 

diagnoses or test orders 

Precision Medicine Genomic AI 

analysis 

Tailored therapy, 

improved treatment 

response 

Oncology treatment 

selection 

Virtual Assistants 

& Monitoring 

NLP, ML + IoT 

integration 

Increased patient 

engagement, remote 

care 

Chatbots for follow-up 

care; smartwatches 

Hospital 

Administration 

Predictive ML + 

Automation tools 

Workflow efficiency, 

reduced administrative 

burden 

Bed management, 

patient scheduling 

Sources: Jiang et al. (2017); Esteva et al. (2019); Topol (2019); Yu et al. (2018) 
 

Cost-Effectiveness: Using the calculating 

power of AI, the cost of healthcare is 

minimized through streamlined resource 

shifting and deactivation of redundant steps in 

the processes. Due to these models, predictive 

analytics allows detecting high-risk patients, 

which makes it possible to introduce early 

interventions and avoid costly hospitalization 

(Bates et al., 2014). Robotic process 

automation in administrative duties (e.g. billing 

and appointment scheduling) has proven to cut 

down operational expenses in 20-30 percent of 

healthcare institutions through the use of AI 

(Davenport & Kalakota, 2019). Moreover, AI-
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controlled telemedicine software reduces the 

cost of consultations with the ability to perform 

remote diagnostics and surveillance (Dorsey & 

Topol, 2020). 
 

4.3 Challenges of AI in Healthcare 

Delivery 
 

Data Privacy: The aspects of AI training using 

large datasets, imply considerable concerns 

about privacy. It appears that EHRs and 

medical imaging data usually hold sensitive 

information about patients, and it is possible to 

experience disastrous scenarios in the case of 

breaches or abuse of data (Obermeyer et al., 

2019). General Data Protection Regulation 

(GDPR) and Health Insurance Portability and 

Accountability Act (HIPAA) policy 

regulations have high demands; however, the 

vulnerability to adversarial attacks is always an 

issue with AI-based systems (Finlayson et al., 

2019). As an illustration, a 2021 analysis 

pointed at how AI models trained on de-

identified dataset might still be reverse-

engineered into identifying individuals (Esteva 

et al., 2019). 

Bias: AI model behavior can continue with 

biases programs available in training data, 

making healthcare unfair. As an example, 

imbalanced datasets led to biased dynamics in 

the early COVID-19 prediction models, such 

that they were not as accurate as in the case of 

the majority group (Wynants et al., 2020). In 

the study by Obermeyer et al. (2019), risk 

underestimation due to a popular risk 

prediction algorithm applied to Black patients 

influenced their care access rates. Reducing 

bias is achieved by having heterogeneous data 

and auditing the model constantly, which can 

be resource-consuming (Parikh et al., 2019). 

Trust Issues: The lack of trust in AI systems 

can be viewed as an obstacle because clinicians 

and patients doubt they are reliable and 

transparent. Removing confidence trust is in 

the form of black-box models, which are 

shrouded in secrecy in the decision-making 

process (Holzinger et al., 2019). According to 

a 2020 survey, 65 percent of physicians are not 

willing to use AI because they fear to be held 

responsible and to understand an AI-based 

decision (Blease et al., 2020). The creation of 

trust involves the explainable AI (XAI) 

systems that allow seeing clear reasons behind 

the predictions (Tariq et al., 2023). 
 

4.4 Ethical Considerations 
 

AI use in medical applications poses several 

ethical issues such as informed consent, 

responsibility, and access. The involvement of 

AI in patient care has to be disclosed to them, 

although most do not know about it (Cohen et 

al., 2020). accountability A problem with AI 

errors that result in harm has not yet been 

answered: who is at fault- the developer, the 

clinician or the institution? (Price & Cohen, 

2019). Moreover, the introduction of AI can 

increase healthcare disparities because 

sophisticated AI models will be used in well-

financed systems, and underserved populations 

will be left behind (Panch et al., 2019). 
 

4.5 Regulatory and Legal Implications 
 

Regulation of AI in the field of healthcare is 

dynamic yet fluid. As of 2023, more than 500 

AI-based medical devices were approved by 

the U.S. Food and Drug Administration (FDA), 

and existing regulatory frameworks have a hard 

time keeping up with rapid development 

(Muehlematter et al., 2021). The main issues 

that remain to be overcome are the constant AI 

monitoring after the implementation and the 

liability in the event of a malpractice (Tobia et 

al., 2021). In Europe, the AI Act suggests risk-

based regulations, but it is complicated to align 

it with medical device regulations there (Gerke 

et al., 2020). There is also a legal issue of 

intellectual property regarding AI algorithms, 

data ownership, and how they can impede 

innovation (Price, 2019). 
 

5.0 Conclusion 
 

In this context, this review highlights the 

revolutionizing ability of Artificial Intelligence 

(AI) to improve healthcare delivery systems at 

clinical, operational, and administrative levels. 
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Machine learning, which is an artificial 

intelligence technology, as well as deep 

learning, natural language processing, 

computer vision, and robotics, are already 

having profound effects via enhanced 

diagnostic precision and enhanced precision 

medicine to optimized hospital operations and 

increased access to care through remote 

monitoring and virtual health assistants. 

AI has demonstrated that it is capable of 

minimizing diagnostic errors, optimizing 

efficiency, individualizing treatment regimes, 

and minimizing costs. Such applications as 

disease detection in the early stages with the 

help of screening and imaging, risk assessment 

in the intensive care settings, and robotic 

surgery illustrate the potential of AI as a way to 

assist clinicians and improve patient care. 

Additionally, its incorporation in the 

administration of hospitals is smoothing 

operations, reducing wastage and enhancing 

resource distribution. Nonetheless, the 

popularization of AI has its problems. The 

issues of ethical concern, data privacy, 

algorithmic biases, and lack of transparency of 

decision-making models are real obstacles. 

Additionally, its extensive use in clinical 

settings is complicated by the uncertainty of 

regulators and infrastructural shortcomings. 

In order to gain the full potential of AI, research 

directions in the future should be aimed at 

explainable and equitable AI, strong regulatory 

supervision, patient data security, and building 

the trust of land professionals and patients. In 

general, AI has significant potential to 

transform healthcare delivery, however, with a 

proper ethical, legal, and clinical 

implementation. 
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