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Abstract  
Artificial intelligence (AI) is increasingly embedded across healthcare, yet most implementations remain confined to single 

specialties, limiting their effect on patient safety and clinical decision-making. This narrative review proposes a 

multidisciplinary framework for AI-driven integrated healthcare systems that connects dentistry, pharmacy, medical laboratory 

sciences, medical equipment engineering, health administration, nursing, and health information management. Peer-reviewed 

literature published between 2017 and 2025 was synthesized thematically. The evidence indicates that AI can improve image-

based diagnosis, medication safety, laboratory interpretation, device reliability, resource allocation, deterioration surveillance, 

and data interoperability, but benefits depend on high-quality data, transparent governance, human oversight, and workforce 

readiness. Persistent concerns include algorithmic bias, dataset shift, alert fatigue, cybersecurity, and unclear accountability. 

The proposed framework positions the electronic health record as an interoperable data backbone, with governance and ethics 

as cross-cutting layers. Implementation priorities and research directions are outlined for clinicians, policymakers, and health 

system leaders. 
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Introduction 

Healthcare systems worldwide are under 

sustained pressure from ageing populations, chronic 

disease burden, workforce shortages, and rising 

expectations for safety and quality. Despite decades of 

investment in quality improvement, preventable harm 

remains common. Diagnostic error alone is estimated 

to cause substantial serious harm each year, with a 

large share of the burden concentrated in a small 

number of conditions such as vascular events, 

infections, and cancers (Newman-Toker et al., 2021). 

Medication errors, missed deterioration, test 

misinterpretation, equipment failure, and fragmented 

information add to this burden. These failures rarely 

originate in a single department; they emerge at the 

interfaces between professions, data systems, and 

organizational processes. Any serious attempt to 

improve safety must therefore address the system as a 

whole rather than isolated clinical tasks. 

Artificial intelligence has emerged as one of 

the most prominent technologies proposed to address 

these challenges. In the broadest sense, AI refers to 

computational methods that learn patterns from data 

and use them to perform tasks that ordinarily require 

human cognition, including perception, prediction, 

and recommendation. Early overviews described a 

field with strong promise in imaging, genomics, and 

clinical prediction but limited routine deployment 

(Jiang et al., 2017). Since then, the convergence of 

large datasets, increased computing power, and 

improved algorithms has accelerated progress, leading 

to what has been described as high-performance 

medicine in which human expertise and machine 

intelligence are combined (Topol, 2019). Rajkomar et 

al. (2019) similarly argued that machine learning can 

extend clinicians' ability to detect patterns, but only if 

its outputs are embedded in workflows that clinicians 

trust and can act on. 

The technical evidence base has grown 

considerably. Deep learning systems have achieved 

performance comparable to that of health 

professionals in several image-based diagnostic tasks, 

although a major systematic review cautioned that few 

studies used rigorous external validation or compared 

mailto:norahalahmad11@gmail.com
https://saudijmph.com/index.php/pub
https://doi.org/10.64483/202522824


Norah Al-Ahmad  et.al. 

__________________________________________________________________________________________________________________ 

________________________________________________ 

Saudi J. Med. Pub. Health Vol. 2 No. 2 (2025) 

3901 

humans and algorithms under equivalent conditions 

(Liu et al., 2019). Deep learning applied to electronic 

health record (EHR) data has shown the ability to 

predict mortality, readmission, and length of stay at 

scale (Rajkomar et al., 2018). More recently, large 

language models have demonstrated an ability to 

encode clinical knowledge and generate clinically 

relevant text, opening new possibilities for 

documentation, patient communication, and decision 

support, alongside new risks of inaccuracy and unsafe 

output (Thirunavukarasu et al., 2023). Together, these 

developments suggest that AI is moving from isolated 

proof-of-concept studies toward infrastructure that 

touches every part of care delivery. 

However, the literature remains heavily 

organized by specialty. Studies of AI in radiology, 

pathology, pharmacy, nursing, or hospital 

management are typically published, evaluated, and 

implemented in parallel rather than in combination. 

Kelly et al. (2019) noted that delivering clinical impact 

with AI requires attention to implementation, 

regulation, and human factors, not just algorithmic 

accuracy. Bajwa et al. (2021) similarly emphasized 

that the transformation of practice depends on 

integration with clinical workflows and on addressing 

the ethical and organizational barriers that accompany 

deployment. When AI tools are introduced as 

disconnected point solutions, they risk duplicating 

alerts, generating conflicting recommendations, and 

widening rather than narrowing information gaps 

between professions. 

This narrative review addresses that gap by 

proposing and examining an integrated, 

multidisciplinary framework in which seven 

disciplines contribute to a shared AI-enabled care 

ecosystem: dentistry, pharmacy, medical laboratory 

sciences, medical equipment and biomedical 

engineering, health administration, nursing, and 

medical records and health information management. 

The review pursues three objectives: (a) to synthesize 

recent evidence on the contribution of AI within each 

discipline; (b) to explain how these contributions 

interact to enhance patient safety, diagnostic accuracy, 

and clinical decision-making; and (c) to identify 

governance requirements, implementation priorities, 

and research needs for integrated deployment. The 

intended audience includes clinicians, health 

informaticians, administrators, and policymakers who 

are responsible for translating AI from pilot projects 

into safe and sustainable routine practice. 

2. Review Approach 

This study adopts a narrative review design, 

which is appropriate when the aim is to interpret and 

connect a broad and heterogeneous body of literature 

rather than to estimate a pooled effect. Narrative 

reviews permit conceptual synthesis across disciplines 

that use different methods, outcomes, and 

terminologies, which is precisely the situation in AI-

enabled healthcare. The review prioritized peer-

reviewed articles, systematic and scoping reviews, 

consensus statements, and regulatory analyses 

published between 2017 and 2025. Sources were 

selected purposively for relevance to at least one of the 

seven disciplines or to the cross-cutting themes of 

patient safety, diagnostic accuracy, clinical decision-

making, governance, and interoperability. Priority was 

given to high-impact journals, recent systematic 

evidence, and studies reporting real-world 

implementation or external validation. 

Evidence was synthesized thematically. For 

each discipline, the review extracted the main AI 

applications, reported benefits, and recognized 

limitations. These were then mapped against three 

outcome domains (patient safety, diagnostic accuracy, 

and clinical decision-making) and against enabling 

conditions such as data quality, interoperability, and 

governance. Because the review is narrative rather 

than systematic, it does not claim exhaustive coverage, 

and the strength of evidence is described qualitatively. 

Readers should interpret the framework as a 

conceptual and practical synthesis grounded in the 

literature rather than as a validated model waiting no 

further testing. 

3. Conceptual Framework for an AI-Driven Integrated 

Healthcare System 

The proposed framework rests on the premise 

that safety, diagnostic accuracy, and sound decision-

making are system properties. They arise from the 

quality of data captured at many points, the 

intelligence applied to those data, and the human and 

organizational processes that act on the resulting 

information. The framework has four layers. The first 

is a data and interoperability layer, anchored by the 

EHR and associated health information infrastructure, 

which collects and standardizes information from 

every discipline. The second is an AI services layer, 

comprising discipline-specific models for imaging, 

medication analysis, laboratory interpretation, device 

monitoring, operational forecasting, and patient 

surveillance. The third is a clinical decision layer, in 

which outputs are translated into explainable, context-

sensitive support for professionals. The fourth is a 

governance and ethics layer that cuts across all others, 

covering validation, monitoring, accountability, 

privacy, security, and equity. 

Figure 1 presents this architecture. The EHR 

sits at the center because it is the principal substrate 

through which discipline-specific information can be 

shared. Deep learning on EHR data has demonstrated 

that heterogeneous records can be harnessed for 

prediction (Rajkomar et al., 2018), and surveys of the 

field confirm that representation of clinical notes, 

codes, laboratory values, and time series is now an 

active and maturing area (Shickel et al., 2018). In the 

framework, each discipline both consumes and 

contributes data. A dental radiograph interpreted by a 

model enriches the patient record; a pharmacist's 

intervention updates the medication profile; a 
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laboratory result flagged by an algorithm triggers 

nursing surveillance; a device alarm is contextualized 

by recent clinical events; and administrators use 

aggregated information to allocate resources and 

monitor quality. 

Figure 1. Integrated AI-driven healthcare 

framework 

 
The framework assumes human-in-the-loop 

operation. Clinical decision support has long been 

recognized as capable of improving care but also of 

causing harm when poorly designed, so strategies for 

success must address content, interface, workflow, and 

ongoing evaluation (Sutton et al., 2020). Shortliffe and 

Sepúlveda (2018) argued that decision support in the 

era of AI must remain transparent enough for 

clinicians to understand why a recommendation is 

made and must preserve professional accountability. 

Accordingly, the framework treats AI outputs as 

inputs to professional judgment rather than substitutes 

for it, and it assigns explicit roles to each discipline in 

verifying, contextualizing, and acting on those 

outputs. 

4. Contributions of Individual Disciplines 

4.1 Dentistry: AI-Assisted Diagnosis, Oral Imaging, 

and Treatment Planning 

Dentistry is among the most image-intensive 

health professions, relying on periapical, bitewing, and 

panoramic radiographs, cone-beam computed 

tomography, intraoral photographs, and scans. This 

makes it highly amenable to computer vision. 

Schwendicke et al. (2020) outlined the chances and 

challenges of AI in dentistry, highlighting 

opportunities for earlier, more consistent detection of 

disease alongside risks related to small datasets, 

heterogeneous imaging protocols, and inadequate 

reporting. A systematic review of AI in dental and 

maxillofacial radiology found that applications span 

caries detection, periapical pathology, periodontal 

bone loss, cephalometric landmarking, and detection 

of cysts and tumors, with many studies reporting high 

accuracy but limited external validation (Hung et al., 

2020). 

Specific studies illustrate the potential. A 

convolutional neural network detected and diagnosed 

dental caries on periapical radiographs with 

performance that supports its use as an assistive tool 

(Lee et al., 2018), and deep learning has been used to 

detect radiographic periodontal bone loss with 

accuracy comparable to that of experienced dentists 

(Krois et al., 2019). Broader reviews of developments, 

applications, and performance confirm that AI in 

dentistry is advancing rapidly across diagnosis, 

prognosis, and treatment planning, while 

recommending standardized evaluation and clinical 

trials (Khanagar et al., 2021). More recent work 

extends applications to digital workflow, orthodontic 

planning, implant planning, and prosthodontic design, 

again stressing data quality and clinician oversight 

(Ding et al., 2023). 

Within an integrated system, the value of 

dental AI extends beyond the dental chair. Oral health 

is closely linked to systemic conditions such as 

diabetes, cardiovascular disease, and infection risk, 

and oral findings can inform medical decision-making, 

antimicrobial prescribing, and perioperative planning. 

When dental imaging results, periodontal risk scores, 

and treatment plans are shared through the common 

record, pharmacists can anticipate drug interactions 

with dental prescriptions, laboratory teams can 

interpret inflammatory markers in context, and 

physicians can consider oral sources of infection. 

Dentistry therefore contributes both a specialized 

diagnostic stream and a window onto systemic health 

that is often under-used in conventional siloed care. 

4.2 Pharmacy: Medication Management, Prescribing 

Safety, and Drug Interaction Detection 

Medication use is one of the highest-risk and 

highest-volume processes in healthcare, and pharmacy 

is therefore central to patient safety. A scoping review 

of AI for patient safety identified medication-related 

harm, adverse event detection, and clinical 

deterioration as leading areas of application, while 

noting that many tools remained at an early stage of 

evaluation (Bates et al., 2021). In pharmacy practice, 

AI can support prescription verification, dose 

individualization, detection of drug–drug and drug–

disease interactions, prediction of adverse drug events, 

adherence monitoring, and identification of patients 

who would benefit most from pharmacist intervention. 

Traditional rule-based alerts are a familiar 

source of both benefit and burden. Studies of alert 

fatigue show that workload, complexity, and repeated 

alerts reduce clinicians' responsiveness, meaning that 

poorly targeted alerts can diminish rather than enhance 

safety (Ancker et al., 2017). Machine learning offers a 

route to more selective, context-aware alerting by 

incorporating patient-specific factors such as renal 

function, concurrent therapy, and laboratory trends, 

thereby prioritizing the alerts most likely to prevent 

harm. Reviews of decision support emphasize that 
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such tools must be tuned, monitored, and governed 

continuously to deliver sustained benefit (Sutton et al., 

2020). Upstream, machine learning is also 

transforming drug discovery and development, from 

target identification to prediction of toxicity and 

clinical trial design, which may eventually yield safer 

therapeutic options and more precise indications 

(Vamathevan et al., 2019). 

The integrated framework positions the 

pharmacist as a key validator of AI-generated 

medication recommendations. Pharmacists have 

access to the full medication profile, laboratory results, 

and clinical context needed to judge whether a flagged 

interaction is clinically meaningful, and their 

interventions generate high-quality feedback data to 

refine models. Bidirectional links with the laboratory 

(for therapeutic drug monitoring and renal or hepatic 

function), with nursing (for administration and adverse 

reaction observation), and with the EHR (for allergy 

and history) allow AI to operate on a complete 

medication picture. This reduces the fragmentation 

that typically underlies prescribing errors and supports 

a continuous medication safety loop from prescribing 

through administration and monitoring. 

4.3 Medical Laboratory: Intelligent Diagnostics, 

Automated Testing, and Result Interpretation 

Laboratory results influence a large 

proportion of clinical decisions, and laboratories were 

among the earliest healthcare units to adopt 

automation. AI extends automation from the analytical 

phase into the pre-analytical and post-analytical 

phases, supporting specimen quality checks, 

autoverification, delta checking, error detection, reflex 

testing, and interpretive commentary. A narrative 

review of laboratory medicine and AI described an 

inevitable intertwining of the two, in which algorithms 

assist with pattern recognition in complex multi-

analyte data while laboratory professionals retain 

responsibility for quality and clinical relevance 

(Cadamuro, 2021). Complementary work on the value 

of AI in laboratory medicine highlights applications in 

test utilization, result interpretation, and diagnostic 

prediction from routine tests, and stresses the need for 

validation and transparency (Paranjape et al., 2021). 

Digital pathology and cytology illustrate how 

far laboratory AI has advanced. Weakly supervised 

deep learning applied to very large collections of 

whole slide images has achieved clinical-grade 

performance in detecting cancer, suggesting that 

algorithms can prioritize cases, reduce workload, and 

support less experienced readers (Campanella et al., 

2019). Hematology, microbiology, and clinical 

chemistry present similar opportunities, from 

automated cell morphology classification to prediction 

of antimicrobial resistance and identification of 

implausible results. At the same time, there are 

cautions. Cabitza et al. (2017) warned of the 

unintended consequences of machine learning in 

medicine, including automation bias, deskilling, and 

overreliance on opaque outputs, risks that are 

particularly salient in laboratories where results are 

often treated as objective. 

In the integrated model, the laboratory acts as 

a high-fidelity data engine. Because laboratory data 

are structured, timestamped, and quantitative, they are 

among the most valuable inputs to predictive models 

used by nursing and pharmacy teams. AI-supported 

interpretive comments delivered through the EHR can 

help clinicians recognize critical patterns earlier, while 

feedback on test ordering patterns can support 

diagnostic stewardship by reducing unnecessary tests 

and highlighting omitted ones. The laboratory also 

contributes to model governance, since its long 

tradition of quality control, calibration, and 

proficiency testing offers a mature template for 

monitoring the analytical performance of clinical 

algorithms over time. 

4.4 Medical Equipment: Smart Devices, Connected 

Diagnostics, and Predictive Maintenance 

Medical devices form the physical interface 

between patients and digital intelligence. Infusion 

pumps, ventilators, monitors, imaging scanners, point-

of-care analyzers, and wearables increasingly generate 

continuous data streams and embed software that 

learns or adapts. Regulatory analyses show a rapid 

expansion in AI-enabled devices: databases of devices 

authorized by the United States Food and Drug 

Administration reveal a steady growth in approvals, 

concentrated in radiology but spreading to cardiology, 

neurology, and other fields (Benjamens et al., 2020). 

A comparative analysis of approvals in the United 

States and Europe found that many devices were 

approved with limited public information on 

validation, raising questions about transparency and 

post-market surveillance (Muehlematter et al., 2021). 

The broader concept of Medical 4.0, which 

combines the Internet of Things, big data, cloud 

computing, and AI, describes a shift toward 

connected, data-rich equipment capable of remote 

monitoring, automated calibration, and intelligent 

diagnostics (Haleem et al., 2022). Predictive 

maintenance is a particularly practical application. By 

analyzing usage, sensor, and error-log data, algorithms 

can forecast component failure, schedule servicing 

before breakdown, and reduce downtime of critical 

equipment such as imaging systems and ventilators. 

This protects patients from interrupted care and from 

inaccurate readings due to drift, while lowering costs 

and extending asset life. Federated learning 

approaches, in which models are trained across 

institutions without centralizing sensitive data, offer a 

means of improving device algorithms using diverse 

populations while preserving privacy (Rieke et al., 

2020). 

In the integrated system, biomedical 

engineers become stewards of the technical reliability 

of the AI ecosystem. They validate device integration, 

manage software updates, and monitor cybersecurity 
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of connected equipment. Their role is expanding from 

repair and inventory control to lifecycle management 

of intelligent systems, including detection of 

performance drift and coordination with vendors and 

regulators. Equipment data also inform nursing 

(through alarm management), administration (through 

asset utilization), and clinicians (through confidence in 

measurements), making the equipment layer a 

foundation for trustworthy AI rather than a peripheral 

concern. 

4.5 Health Administration: AI Governance, Resource 

Allocation, Quality Management, and Institutional 

Decision-Making 

Health administrators determine whether AI 

is adopted responsibly, resourced adequately, and 

monitored effectively. Their first contribution is 

governance. Reddy et al. (2020) proposed a 

governance model for the application of AI in health 

care that includes principles for fairness, transparency, 

safety, and accountability, together with structures for 

oversight across the lifecycle from procurement to 

decommissioning. Habli et al. (2020) argued that 

accountability and safety assurance for AI require 

explicit attention to who is responsible when 

algorithmic recommendations contribute to harm, and 

that safety cases, similar to those used in other safety-

critical industries, can help demonstrate acceptable 

risk. Without such structures, institutions may deploy 

tools whose performance, limitations, and ownership 

are poorly understood. 

A second contribution is operational 

intelligence. Predictive models can forecast 

admissions, bed occupancy, emergency department 

demand, operating room utilization, and staffing 

needs, enabling proactive rather than reactive resource 

allocation. Davenport and Kalakota (2019) described 

administrative applications of AI, including 

scheduling, revenue cycle management, and workflow 

automation, as often more immediately deployable 

than clinical tools because they carry lower direct 

clinical risk. In quality management, AI can mine 

incident reports, audit data, and patient feedback to 

identify recurrent hazards, monitor key performance 

indicators, and detect outliers in outcomes. Real-world 

experience shows that implementation success 

depends on organizational readiness: a sepsis deep 

learning system integrated into routine care required 

close collaboration among clinicians, informaticians, 

and operational leaders, careful attention to workflow, 

and ongoing evaluation (Sendak et al., 2020). 

Administrators also shape the human and 

ethical environment. They decide how clinicians are 

trained, how algorithmic performance is audited, how 

incidents involving AI are reported, and how equity is 

protected. A widely cited study found that an 

algorithm used to manage the health of millions of 

patients exhibited substantial racial bias because it 

used healthcare costs as a proxy for need (Obermeyer 

et al., 2019). Such findings underscore that 

institutional decision-makers must demand subgroup 

performance data, scrutinize the choice of prediction 

targets, and maintain mechanisms for continuous bias 

monitoring. In the integrated framework, 

administration is therefore the steward of the 

governance layer, translating ethical principles into 

policies, procedures, and accountability. 

4.6 Nursing: AI-Assisted Monitoring, Clinical 

Assessment, and Decision Support 

Nurses are the professionals closest to the 

patient's moment-to-moment condition and are 

therefore both major users and major sources of data 

for AI systems. Robert (2019) described how AI is 

changing nursing through applications such as 

predictive analytics, virtual assistants, robotics, and 

smart monitoring, emphasizing that technology should 

enhance rather than replace the relational and ethical 

core of nursing practice. A scoping review of predicted 

influences of AI on the domains of nursing identified 

potential effects on assessment, diagnosis, planning, 

implementation, and evaluation, as well as on 

education and administration (Buchanan et al., 2020). 

An international think-tank further articulated 

priorities for AI in nursing, including nurse 

involvement in design, attention to ethical and equity 

implications, and development of AI literacy across 

the profession (Ronquillo et al., 2021). 

Early warning and deterioration prediction 

represent the most mature nursing applications. 

Machine learning models that integrate vital signs, 

laboratory results, and nursing documentation can 

identify patients at risk of sepsis, cardiac arrest, or 

unplanned intensive care transfer earlier than 

conventional scores. In critical care, reinforcement 

learning has been used to derive treatment strategies 

for sepsis that, in retrospective analysis, were 

associated with better outcomes than average clinician 

decisions, illustrating the potential of AI to support 

complex bedside decisions while also demonstrating 

the need for prospective validation (Komorowski et 

al., 2018). Other nursing applications include fall and 

pressure injury risk prediction, automated 

documentation using natural language processing, and 

intelligent triage, each of which can release nursing 

time for direct patient care if implemented 

thoughtfully. 

However, nursing also bears the burden of 

poorly designed technology. Excessive alarms and 

alerts contribute to fatigue and desensitization (Ancker 

et al., 2017), and unvalidated risk scores may add 

documentation work without improving outcomes. 

The integrated framework therefore gives nurses a 

dual role: they act on AI-generated warnings, and they 

provide the clinical judgment and feedback that 

determine whether such warnings are useful. Because 

nursing observations enter the shared record and feed 

other disciplines' models, the quality and timeliness of 
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nursing data are critical determinants of system-wide 

performance. Involving nurses in selection, design, 

and evaluation of AI tools is therefore not merely a 

courtesy but a safety requirement. 

4.7 Medical Records and Health Information 

Management: EHRs, Data Integration, 

Interoperability, and Security 

Health information management provides the 

infrastructure on which every other discipline's AI 

depends. Electronic health records have become 

nearly universal in many health systems, a 

transformation accelerated in the United States by 

national incentive policy that produced large gains in 

hospital adoption (Adler-Milstein & Jha, 2017). Yet 

adoption is not equivalent to integration. Clinical 

information remains scattered across inpatient, 

outpatient, laboratory, imaging, pharmacy, and device 

systems, stored in inconsistent formats and 

vocabularies. AI models trained on such data inherit 

its gaps and inconsistencies, so data governance, 

terminology standardization, and de-duplication are 

preconditions for safe intelligence rather than 

administrative niceties. 

Interoperability is the central technical 

challenge. Standards such as HL7 FHIR, controlled 

vocabularies, and application programming interfaces 

allow data to move between systems and permit AI 

tools to be embedded within the clinician's workflow 

rather than operating in separate portals. Deep learning 

methods for EHR analysis can leverage structured and 

unstructured data, including free-text notes, but they 

require careful handling of missingness, temporal 

irregularity, and bias in documentation practices 

(Shickel et al., 2018). Health information 

professionals also manage data quality, coding, and 

clinical documentation improvement, all of which 

directly influence model performance. Natural 

language processing and large language models may 

reduce documentation burden, but outputs must be 

verified to prevent propagation of errors into the legal 

record (Thirunavukarasu et al., 2023). 

Security and privacy complete the picture. As 

AI expands the volume of data processed and the 

number of connected systems, the attack surface for 

cybersecurity threats grows. Privacy-preserving 

techniques such as federated learning, de-

identification, and differential privacy can enable 

collaborative model development while limiting 

exposure of sensitive information (Rieke et al., 2020). 

Health information managers therefore contribute 

access control, audit trails, consent management, and 

breach response. Table 1 summarizes the contributions 

of all seven disciplines, together with their principal 

AI applications, outcome domains, and key 

limitations. 

Table 1. Summary of Discipline-Specific AI Contributions within the Integrated Framework 

Discipline Principal AI 

applications 

Primary 

outcome domain 

Key limitations Representative 

sources 

Dentistry Caries and periodontal 

bone loss detection; 

cephalometric analysis; 

implant and orthodontic 

planning 

Diagnostic 

accuracy 

Small, single-

centre datasets; 

limited external 

validation 

Hung et al. (2020); 

Krois et al. (2019); 

Khanagar et al. 

(2021) 

Pharmacy Prescription verification; 

interaction detection; 

adverse drug event 

prediction; drug 

development 

Patient safety Alert fatigue; need 

for context-aware 

tuning 

Bates et al. (2021); 

Ancker et al. (2017); 

Vamathevan et al. 

(2019) 

Medical laboratory Autoverification; digital 

pathology; result 

interpretation; test 

utilization 

Diagnostic 

accuracy 

Automation bias; 

transparency; 

analytical drift 

Cadamuro (2021); 

Campanella et al. 

(2019); Paranjape et 

al. (2021) 

Medical 

equipment 

Smart devices; connected 

diagnostics; predictive 

maintenance; federated 

learning 

Safety and 

reliability 

Limited 

transparency of 

approvals; 

cybersecurity 

Benjamens et al. 

(2020); 

Muehlematter et al. 

(2021); Haleem et al. 

(2022) 

Health 

administration 

Governance models; 

demand forecasting; 

quality monitoring; bias 

oversight 

Institutional 

decision-making 

Accountability 

gaps; 

organizational 

readiness 

Reddy et al. (2020); 

Habli et al. (2020); 

Obermeyer et al. 

(2019) 

Nursing Early warning scores; 

documentation support; 

risk prediction; triage 

Clinical decision-

making 

Alarm burden; 

need for nurse 

involvement in 

design 

Robert (2019); 

Buchanan et al. 

(2020); Ronquillo et 

al. (2021) 
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Medical records Data integration; 

interoperability; NLP; 

security and privacy 

Enabling 

infrastructure 

Fragmented data; 

documentation 

bias; privacy risk 

Adler-Milstein & Jha 

(2017); Shickel et al. 

(2018); Rieke et al. 

(2020) 

5. How Combined Contributions Enhance Safety, 

Accuracy, and Decision-Making 

5.1 Patient Safety 

Patient safety improves when AI is applied 

across the entire chain of care rather than at a single 

point. The scoping review by Bates et al. (2021) 

identified opportunities for AI to reduce harm through 

adverse event prediction, medication safety, and 

deterioration detection, yet it also noted that most 

evidence came from retrospective or simulation 

studies. In an integrated system, these applications 

reinforce one another. A medication-related risk 

flagged by the pharmacy model can be cross-checked 

against laboratory trends, nursing observations, and 

device data, increasing specificity and reducing false 

alarms. Predictive maintenance reduces the 

probability of equipment-related incidents, while 

administrative analytics identify systemic hazards 

before they cause harm. 

Integration also addresses a classic safety 

problem: information loss at transitions. When a 

patient moves between departments, discharge, or 

community care, critical information about 

medications, allergies, test results, and pending 

investigations may be lost. Shared EHR infrastructure 

with AI-based summarization and reconciliation can 

reduce this risk, provided that outputs are verified. 

Evidence from complex diagnostic settings suggests 

that systemic and cognitive factors, not individual 

incompetence, drive many serious errors (Newman-

Toker et al., 2021), which supports a design 

philosophy that distributes safeguards across 

professions and technologies. The goal is a layered 

defense in which each discipline's AI and human 

review catch what others miss. 

5.2 Diagnostic Accuracy 

Diagnostic accuracy depends on the quality 

of inputs, the interpretation of patterns, and the 

integration of findings across sources. AI contributes 

at each step: imaging models in dentistry and 

radiology improve detection (Hung et al., 2020; Liu et 

al., 2019), laboratory algorithms enhance 

interpretation of complex results (Paranjape et al., 

2021), digital pathology prioritizes suspicious cases 

(Campanella et al., 2019), and EHR-based models 

synthesize historical data to identify at-risk patients 

(Rajkomar et al., 2018). A guide to deep learning in 

healthcare emphasized that these methods are 

strongest when applied to well-defined perceptual 

tasks with large labeled datasets, and that translation 

requires attention to robustness and workflow (Esteva 

et al., 2019). The integrated framework combines 

these strengths by enabling multimodal reasoning in 

which imaging, laboratory, medication, and 

observational data are interpreted together. 

A key caution is generalizability. Models 

developed in one institution often perform worse 

elsewhere because of differences in populations, 

equipment, and practices, a phenomenon known as 

dataset shift. Finlayson et al. (2021) described how 

dataset shift can degrade AI performance and urged 

clinicians to understand when models are operating 

outside their validated conditions. Explainability is 

another concern. Ghassemi et al. (2021) argued that 

current explainable AI methods provide limited 

assurance and should not be treated as a substitute for 

rigorous validation. In the integrated system, 

diagnostic AI should therefore be accompanied by 

local validation, continuous performance monitoring, 

and clear communication of uncertainty, so that 

clinicians can calibrate their trust appropriately. 

5.3 Clinical Decision-Making 

Clinical decision-making benefits when AI 

delivers the right information, to the right person, at 

the right time, in a form that supports action. Effective 

decision support systems are integrated into workflow, 

provide actionable recommendations, and are 

evaluated and refined continuously (Sutton et al., 

2020). In an integrated framework, decision support is 

no longer limited to a prescriber's order screen; it 

extends to nurses at the bedside, pharmacists during 

verification, laboratory professionals during result 

review, and administrators in operational planning. 

Shared situational awareness, built on a common data 

layer, reduces contradictory advice and supports 

interprofessional coordination. 

AI also introduces new decision-making 

risks. Over-reliance can lead clinicians to accept 

incorrect recommendations, while under-reliance can 

negate potential benefits. Studies of large language 

models show impressive knowledge but also 

hallucination and inconsistency, which means that 

their use in decision support requires strict oversight 

and clear boundaries (Thirunavukarasu et al., 2023). 

The decision layer of the framework therefore 

emphasizes explanation, uncertainty communication, 

and the ability for professionals to override and 

document disagreement. Figure 2 illustrates how 

information flows from data capture through AI 

analysis to professional decision and feedback, 

forming a learning loop that supports continuous 

improvement of both models and practice. 

Figure 2. AI-supported clinical decision loop 
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6. Governance, Ethics, and Implementation 

Challenges 

The promise of integrated AI is balanced by 

substantial challenges, many of which are 

organizational and ethical rather than technical. A 

mapping review of the ethics of AI in health care 

identified recurring concerns about privacy, 

transparency, bias, accountability, and the effects of 

AI on the clinician–patient relationship, noting that 

much of the discussion remained abstract and lacked 

operational guidance (Morley et al., 2020). Bias is 

especially consequential: when training data under-

represent particular groups or when proxies encode 

structural inequities, algorithms can perpetuate or 

worsen disparities, as shown by the cost-based risk 

algorithm studied by Obermeyer et al. (2019). Equity 

must therefore be built into design, evaluation, and 

monitoring from the outset. 

Regulation and accountability remain 

unsettled. Devices with adaptive algorithms challenge 

traditional approval processes designed for static 

products, and analyses of authorized devices reveal 

inconsistent transparency regarding clinical validation 

(Muehlematter et al., 2021). Questions about liability 

when clinicians follow or reject AI advice are 

unresolved, and safety assurance frameworks are still 

developing (Habli et al., 2020). Kelly et al. (2019) 

noted that translating algorithms to clinical impact 

requires prospective evaluation, appropriate 

regulatory pathways, and mechanisms for post-

deployment surveillance. Integrated systems magnify 

these issues because responsibility is distributed 

across professions and technologies, so clear role 

definitions and escalation pathways are essential. 

Workforce and cultural factors are equally 

important. Clinicians may distrust opaque tools, fear 

deskilling, or experience additional workload when 

systems are poorly integrated. Nursing literature 

emphasizes that professionals must be involved in 

design and implementation and must receive training 

in AI literacy (Ronquillo et al., 2021; Robert, 2019). 

Laboratory professionals face the risk of automation 

bias and loss of interpretive expertise (Cabitza et al., 

2017). Technical challenges include data quality, 

interoperability, model drift, and cybersecurity, all of 

which require ongoing investment. Table 2 

summarizes the principal risks encountered in 

integrated AI systems, their consequences, and 

recommended mitigation strategies. 

 

 

Table 2. Principal Risks in Integrated AI Healthcare Systems and Recommended Mitigation Strategies 

Risk domain Description and potential 

consequence 

Mitigation strategy Supporting sources 

Algorithmic bias Proxy targets or 

unrepresentative data produce 

inequitable outputs and widen 

disparities 

Subgroup performance 

reporting; audit of prediction 

targets; diverse training data 

Obermeyer et al. 

(2019); Morley et al. 

(2020) 

Dataset shift and 

drift 

Performance declines when 

populations, equipment, or 

practices change 

Local validation; continuous 

monitoring; scheduled 

revalidation 

Finlayson et al. (2021); 

Kelly et al. (2019) 

Alert fatigue and 

automation bias 

Excess or poorly targeted alerts 

cause desensitization; 

clinicians over-trust outputs 

Context-aware alerting; human-

in-the-loop design; override 

documentation 

Ancker et al. (2017); 

Cabitza et al. (2017); 

Sutton et al. (2020) 

Opacity and 

explainability 

limits 

Clinicians cannot assess 

reasoning; false reassurance 

from weak explanations 

Transparent reporting; 

uncertainty communication; 

rigorous validation over reliance 

on explanations 

Ghassemi et al. (2021); 

Shortliffe & Sepúlveda 

(2018) 

Accountability and 

regulatory gaps 

Unclear liability and 

inconsistent device 

transparency 

Safety cases; governance 

committees; post-market 

surveillance 

Habli et al. (2020); 

Reddy et al. (2020); 

Muehlematter et al. 

(2021) 

Privacy and 

cybersecurity 

Larger attack surface and 

exposure of sensitive data 

Federated learning; access 

controls; audit trails; security by 

design 

Rieke et al. (2020); 

Haleem et al. (2022) 

Workforce 

readiness 

Deskilling, resistance, and 

workload from poor integration 

AI literacy training; co-design 

with professionals; phased 

deployment 

Ronquillo et al. (2021); 

Robert (2019); Bajwa 

et al. (2021) 
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7. Implementation Roadmap 

Translating the framework into practice 

requires a staged approach. The first stage is 

foundation building: establishing governance 

structures, assessing data quality and interoperability, 

defining roles, and selecting priority use cases with 

clear safety or quality objectives. Institutions should 

begin with lower-risk, high-value applications such as 

operational forecasting, documentation support, and 

medication verification, building organizational 

competence before moving to higher-risk diagnostic 

and treatment recommendations. A governance 

committee including representatives of all seven 

disciplines, together with patient representatives, 

should approve use cases, review validation evidence, 

and set monitoring requirements (Reddy et al., 2020). 

The second stage is validation and pilot 

deployment. Models should be validated locally on 

representative data and tested in silent mode before 

influencing care, as demonstrated by real-world sepsis 

implementation experience (Sendak et al., 2020). 

Pilots should include prospective evaluation of clinical 

outcomes, workflow impact, and user experience, with 

explicit attention to subgroup performance. The third 

stage is scaled integration, in which interoperable data 

pipelines connect discipline-specific tools and shared 

decision support is embedded in the EHR. The fourth 

is continuous learning and surveillance: monitoring 

for drift, auditing equity, reporting incidents, updating 

models, and retraining staff. Figure 3 depicts this four-

stage roadmap and the principal activities and 

responsible disciplines at each stage. 

Figure 3. Four-stage implementation roadmap 

 
Success factors recur across the literature: 

executive sponsorship, interdisciplinary teams, 

clinician engagement, transparent communication 

with patients, and sustained funding for maintenance 

rather than only initial purchase (Bajwa et al., 2021; 

Kelly et al., 2019). Measuring success requires 

balanced metrics that include safety events, diagnostic 

concordance, time to treatment, clinician workload, 

equity indicators, and cost, rather than technical 

accuracy alone. Institutions should also publish 

performance and lessons learned to strengthen the 

evidence base, since the field still suffers from a  

8. Future Directions 

Several research and policy priorities 

emerge. First, prospective, multi-centre studies are 

needed to evaluate integrated rather than isolated AI 

interventions, with outcomes that matter to patients, 

such as harm reduction and diagnostic delay. Second, 

multimodal models that combine imaging, laboratory, 

textual, and sensor data may improve diagnostic 

accuracy, but they will intensify the need for 

interoperability, governance, and privacy protection. 

Third, generative AI and large language models are 

likely to reshape documentation, patient 

communication, and decision support; their safe use 

will depend on rigorous evaluation, grounding in 

verified clinical knowledge, and clear accountability 

(Thirunavukarasu et al., 2023). Fourth, federated and 

privacy-preserving approaches can enable learning 

across institutions and countries without centralizing 

data (Rieke et al., 2020), which is particularly 

important for low-resource settings and rare 

conditions. 

Fifth, workforce development must keep 

pace. Curricula in dentistry, pharmacy, laboratory 

sciences, nursing, biomedical engineering, health 

administration, and health information management 

should incorporate AI literacy, data ethics, and critical 

appraisal of algorithmic evidence. Sixth, regulatory 

frameworks should evolve to accommodate adaptive 

systems, requiring transparent reporting, post-market 

monitoring, and mechanisms for shared accountability 

(Muehlematter et al., 2021). Finally, research should 

examine how integrated AI affects professional roles, 

patient trust, and health equity, ensuring that 

efficiency gains do not come at the expense of human-

centered care. 

9. Limitations 

This review is narrative and therefore subject 

to selection bias; it does not follow a systematic 

protocol or quantify effect sizes. The evidence base is 

uneven, with imaging and prediction research far more 

developed than evidence on integrated, multi-

professional deployment. Many cited studies are 

retrospective, and publication bias may favor positive 

results. The proposed framework is conceptual and 

requires empirical testing, adaptation to local contexts, 

and refinement through stakeholder consultation. 

Finally, the field is evolving rapidly, and technologies 

such as generative AI may change the landscape faster 

than the literature can document. 

10. Conclusion 

AI offers real potential to enhance patient 

safety, diagnostic accuracy, and clinical decision-

making, but its greatest value will be realized when it 

is deployed as an integrated, multidisciplinary system 

rather than as a collection of isolated tools. Dentistry 

contributes image-based diagnostics and a window on 

systemic health; pharmacy strengthens medication 

safety; laboratories supply high-quality data and 

interpretive intelligence; medical equipment provides 
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reliable, connected sensing; nursing links algorithms 

to the bedside; administration provides governance 

and resources; and health information management 

supplies the interoperable, secure data foundation. 

Each contribution is necessary, and none is sufficient 

alone. 

The central message of the literature is that 

technology performance is only one determinant of 

success. Data quality, interoperability, validation, bias 

monitoring, transparent governance, clinician 

engagement, and clear accountability determine 

whether AI improves care or introduces new hazards. 

By adopting a layered framework with the EHR as 

data backbone, human-in-the-loop decision support, 

and cross-cutting governance, health systems can 

move from fragmented experimentation to 

coordinated, safe, and equitable AI-enabled care. 

Realizing this vision will require sustained 

collaboration among professions, institutions, 

regulators, and patients, and a commitment to rigorous 

evaluation of what works in real clinical practice. 

References 

1. Adler-Milstein, J., & Jha, A. K. (2017). 

HITECH Act drove large gains in hospital 

electronic health record adoption. Health 

affairs, 36(8), 1416-1422. 

2. Ancker, J. S., Edwards, A., Nosal, S., Hauser, 

D., Mauer, E., Kaushal, R., & With the 

HITEC Investigators. (2017). Effects of 

workload, work complexity, and repeated 

alerts on alert fatigue in a clinical decision 

support system. BMC medical informatics 

and decision making, 17(1), 36. 

3. Bajwa, J., Munir, U., Nori, A., & Williams, B. 

(2021). Artificial intelligence in healthcare: 

transforming the practice of medicine. Future 

healthcare journal, 8(2), e188-e194. 

4. Bates, D. W., Levine, D., Syrowatka, A., 

Kuznetsova, M., Craig, K. J. T., Rui, A., ... & 

Rhee, K. (2021). The potential of artificial 

intelligence to improve patient safety: a 

scoping review. NPJ digital medicine, 4(1), 

54. 

5. Benjamens, S., Dhunnoo, P., & Meskó, B. 

(2020). The state of artificial intelligence-

based FDA-approved medical devices and 

algorithms: an online database. NPJ digital 

medicine, 3(1), 118. 

6. Buchanan, C., Howitt, M. L., Wilson, R., 

Booth, R. G., Risling, T., & Bamford, M. 

(2020). Predicted influences of artificial 

intelligence on the domains of nursing: 

scoping review. JMIR nursing, 3(1), e23939. 

7. Cabitza, F., Rasoini, R., & Gensini, G. F. 

(2017). Unintended consequences of 

machine learning in medicine. Jama, 318(6), 

517-518. 

8. Cadamuro, J. (2021). Rise of the machines: 

the inevitable evolution of medicine and 

medical laboratories intertwining with 

artificial intelligence—a narrative review. 

Diagnostics, 11(8), 1399. 

9. Campanella, G., Hanna, M. G., Geneslaw, L., 

Miraflor, A., Werneck Krauss Silva, V., 

Busam, K. J., ... & Fuchs, T. J. (2019). 

Clinical-grade computational pathology 

using weakly supervised deep learning on 

whole slide images. Nature medicine, 25(8), 

1301-1309. 

10. Davenport, T., & Kalakota, R. (2019). The 

potential for artificial intelligence in 

healthcare. Future healthcare journal, 6(2), 

94-98. 

11. Ding, H., Wu, J., Zhao, W., Matinlinna, J. P., 

Burrow, M. F., & Tsoi, J. K. (2023). Artificial 

intelligence in dentistry—A review. 

Frontiers in Dental Medicine, 4, 1085251. 

12. Esteva, A., Robicquet, A., Ramsundar, B., 

Kuleshov, V., DePristo, M., Chou, K., ... & 

Dean, J. (2019). A guide to deep learning in 

healthcare. Nature medicine, 25(1), 24-29. 

13. Finlayson, S. G., Subbaswamy, A., Singh, K., 

Bowers, J., Kupke, A., Zittrain, J., ... & Saria, 

S. (2021). The clinician and dataset shift in 

artificial intelligence. New England Journal 

of Medicine, 385(3), 283-286. 

14. Ghassemi, M., Oakden-Rayner, L., & Beam, 

A. L. (2021). The false hope of current 

approaches to explainable artificial 

intelligence in health care. The lancet digital 

health, 3(11), e745-e750. 

15. Habli, I., Lawton, T., & Porter, Z. (2020). 

Artificial intelligence in health care: 

accountability and safety. Bulletin of the 

World Health Organization, 98(4), 251. 

16. Haleem, A., Javaid, M., Singh, R. P., & 

Suman, R. (2022). Medical 4.0 technologies 

for healthcare: Features, capabilities, and 

applications. Internet of Things and Cyber-

Physical Systems, 2, 12-30. 

17. Hung, K., Montalvao, C., Tanaka, R., Kawai, 

T., & Bornstein, M. M. (2020). The use and 

performance of artificial intelligence 

applications in dental and maxillofacial 

radiology: A systematic review. 

Dentomaxillofacial Radiology, 49(1), 

20190107. 

18. Jiang, F., Jiang, Y., Zhi, H., Dong, Y., Li, H., 

Ma, S., ... & Wang, Y. (2017). Artificial 

intelligence in healthcare: past, present and 

future. Stroke and vascular neurology, 2(4), 

230-243. 

19. Kelly, C. J., Karthikesalingam, A., Suleyman, 

M., Corrado, G., & King, D. (2019). Key 

challenges for delivering clinical impact with 

artificial intelligence. BMC medicine, 17(1), 

195. 

20. Khanagar, S. B., Al-Ehaideb, A., Maganur, P. 

C., Vishwanathaiah, S., Patil, S., Baeshen, H. 



Artificial Intelligence-Driven Integrated Healthcare Systems: A Multidisciplinary Framework..... 
_____________________________________________________________________________________________________________ 

 

________________________________________________ 

Saudi J. Med. Pub. Health Vol. 2 No. 2 (2025) 

 

3910 

A., ... & Bhandi, S. (2021). Developments, 

application, and performance of artificial 

intelligence in dentistry–A systematic review. 

Journal of dental sciences, 16(1), 508-522. 

21. Komorowski, M., Celi, L. A., Badawi, O., 

Gordon, A. C., & Faisal, A. A. (2018). The 

artificial intelligence clinician learns optimal 

treatment strategies for sepsis in intensive 

care. Nature medicine, 24(11), 1716-1720. 

22. Krois, J., Ekert, T., Meinhold, L., Golla, T., 

Kharbot, B., Wittemeier, A., ... & 

Schwendicke, F. (2019). Deep learning for 

the radiographic detection of periodontal 

bone loss. Scientific reports, 9(1), 8495. 

23. Lee, J. H., Kim, D. H., Jeong, S. N., & Choi, 

S. H. (2018). Detection and diagnosis of 

dental caries using a deep learning-based 

convolutional neural network algorithm. 

Journal of dentistry, 77, 106-111. 

24. Liu, X., Faes, L., Kale, A. U., Wagner, S. K., 

Fu, D. J., Bruynseels, A., ... & Denniston, A. 

K. (2019). A comparison of deep learning 

performance against health-care 

professionals in detecting diseases from 

medical imaging: a systematic review and 

meta-analysis. The lancet digital health, 1(6), 

e271-e297. 

25. Morley, J., Machado, C. C., Burr, C., Cowls, 

J., Joshi, I., Taddeo, M., & Floridi, L. (2021). 

The ethics of AI in health care: a mapping 

review. Ethics, Governance, and Policies in 

Artificial Intelligence, 313-346. 

26. Muehlematter, U. J., Daniore, P., & Vokinger, 

K. N. (2021). Approval of artificial 

intelligence and machine learning-based 

medical devices in the USA and Europe 

(2015–20): a comparative analysis. The 

Lancet Digital Health, 3(3), e195-e203. 

27. Newman-Toker, D. E., Schaffer, A. C., Yu-

Moe, C. W., Nassery, N., Saber Tehrani, A. 

S., Clemens, G. D., ... & Siegal, D. (2019). 

Serious misdiagnosis-related harms in 

malpractice claims: the “Big Three”–

vascular events, infections, and cancers. 

Diagnosis, 6(3), 227-240. 

28. Obermeyer, Z., Powers, B., Vogeli, C., & 

Mullainathan, S. (2019). Dissecting racial 

bias in an algorithm used to manage the 

health of populations. Science, 366(6464), 

447-453. 

29. Paranjape, K., Schinkel, M., Hammer, R. D., 

Schouten, B., Nannan Panday, R. S., Elbers, 

P. W., ... & Nanayakkara, P. (2021). The value 

of artificial intelligence in laboratory 

medicine: current opinions and barriers to 

implementation. American journal of clinical 

pathology, 155(6), 823-831. 

30. Rajkomar, A., Dean, J., & Kohane, I. (2019). 

Machine learning in medicine. New England 

Journal of Medicine, 380(14), 1347-1358. 

31. Rajkomar, A., Oren, E., Chen, K., Dai, A. M., 

Hajaj, N., Hardt, M., ... & Dean, J. (2018). 

Scalable and accurate deep learning with 

electronic health records. NPJ digital 

medicine, 1(1), 18. 

32. Reddy, S., Allan, S., Coghlan, S., & Cooper, 

P. (2020). A governance model for the 

application of AI in health care. Journal of 

the American medical informatics 

association, 27(3), 491-497. 

33. Rieke, N., Hancox, J., Li, W., Milletari, F., 

Roth, H. R., Albarqouni, S., ... & Cardoso, M. 

J. (2020). The future of digital health with 

federated learning. NPJ digital medicine, 

3(1), 119. 

34. Robert, N. (2019). How artificial intelligence 

is changing nursing. Nursing management, 

50(9), 30. 

35. Ronquillo, C. E., Peltonen, L. M., Pruinelli, 

L., Chu, C. H., Bakken, S., Beduschi, A., ... 

& Topaz, M. (2021). Artificial intelligence in 

nursing: Priorities and opportunities from an 

international invitational think‐tank of the 

Nursing and Artificial Intelligence 

Leadership Collaborative. Journal of 

advanced nursing, 77(9), 3707-3717. 

36. Schwendicke, F. A., Samek, W., & Krois, J. 

(2020). Artificial intelligence in dentistry: 

chances and challenges. Journal of dental 

research, 99(7), 769-774. 

37. Sendak, M. P., Ratliff, W., Sarro, D., 

Alderton, E., Futoma, J., Gao, M., ... & 

O'Brien, C. (2020). Real-world integration of 

a sepsis deep learning technology into routine 

clinical care: implementation study. JMIR 

medical informatics, 8(7), e15182. 

38. Shickel, B., Tighe, P. J., Bihorac, A., & 

Rashidi, P. (2017). Deep EHR: a survey of 

recent advances in deep learning techniques 

for electronic health record (EHR) analysis. 

IEEE journal of biomedical and health 

informatics, 22(5), 1589-1604. 

39. Shortliffe, E. H., & Sepúlveda, M. J. (2018). 

Clinical decision support in the era of 

artificial intelligence. Jama, 320(21), 2199-

2200. 

40. Sutton, R. T., Pincock, D., Baumgart, D. C., 

Sadowski, D. C., Fedorak, R. N., & Kroeker, 

K. I. (2020). An overview of clinical decision 

support systems: benefits, risks, and 

strategies for success. NPJ digital medicine, 

3(1), 17. 

41. Thirunavukarasu, A. J., Ting, D. S. J., 

Elangovan, K., Gutierrez, L., Tan, T. F., & 

Ting, D. S. W. (2023). Large language 



Norah Al-Ahmad  et.al. 

__________________________________________________________________________________________________________________ 

________________________________________________ 

Saudi J. Med. Pub. Health Vol. 2 No. 2 (2025) 

3911 

models in medicine. Nature medicine, 29(8), 

1930-1940. 

42. Topol, E. J. (2019). High-performance 

medicine: the convergence of human and 

artificial intelligence. Nature medicine, 

25(1), 44-56. 

Vamathevan, J., Clark, D., Czodrowski, P., 

Dunham, I., Ferran, E., Lee, G., ... & Zhao, S. (2019). 

Applications of machine learning in drug discovery 

and development. Nature reviews Drug discovery, 

18(6), 463-477.  


