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Abstract

This review focuses on the profound influence of Artificial Intelligence (Al) on the healthcare sector, driven by
the surge in available data, which has revolutionized patient treatment and decision-making. The applications
of Al in crisis management, marketing, and various industries position it as a pivotal research area. Al-based
healthcare technologies have played a pivotal role in monitoring and preventing the spread of diseases, as well
as supporting clinical decision-making. Artificial Intelligence encompasses machine learning, neural networks,
and natural language processing. Machine learning, particularly deep learning, is employed in healthcare for
automated clinical decision systems and the identification of medical conditions from imaging data. Natural
language processing aids in the comprehension and categorization of clinical documentation. Al's influence
extends to cardiology, cancer, neurology, and radiology, optimizing data interpretation, decision-making
processes, and diagnostic accuracy. In healthcare, Al significantly contributes to drug discovery, the
development of wearable devices for chronic disease management, analysis of electronic health records,
personalized medication recommendations based on genomic biomarkers, and advancements in pharmaceutical
care. Despite these accomplishments, challenges such as data accessibility, model adaptability, and
interpretability persist. The integration of Al in healthcare holds tremendous promise for enhancing precision,
efficiency, and patient outcomes across various medical disciplines.
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1. Introduction

Al is rapidly becoming one of the most exciting advancements, thanks to the huge amount of data available
today. This surge in data has given Al incredible potential to transform how patients are treated in healthcare. Al
is changing the game by making use of the abundance of healthcare data and fast analytical tools. It's not just
about processing information — Al is helping in crucial aspects like crisis management and decision-making. By
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digging into large datasets, Al can uncover important details related to patient care. This, in turn, aids doctors in
making better decisions. Al is like a helpful guide that can reduce errors in diagnosis and treatment, improving
overall healthcare quality[1].

In almost every sector in the twenty-first century, Al is becoming an essential topic of research. Researching
artificial intelligence applications in marketing can help improve client happiness and the efficacy and
efficiency of marketing initiatives. Even while businesses now understand the importance of Al in marketing
analytics, it is still underused in marketing practice. The Artificial marketing managers have a difficulty in
keeping up with the ongoing change that is introducing disruptive apps like chat-bots and Al helpers. The health
industry and its applications have benefited greatly from the improvements in Al-embedded devices.
Applications with artificial intelligence can identify illnesses more accurately than doctors. Simultaneously,
public acceptance of Al is growing due to its accuracy, dependability, and affordability[2].

Saudi Arabia is among the top three nations with a favorable opinion of Al goods and services, according to the
latest Artificial Intelligence Index Report 2023 from Stamford University. Healthcare also makes use of
ChatGPT and other comparable Al chatbots brings up moral and legal issues, such as possible copyright
violations, difficulties with medical law, and the requirement for openness in content produced by artificial
intelligence[3].

2. Artificial Intelligence

Artificial Intelligence represents a form of intelligence exhibited by machines, distinct from the innate human
intelligence that encompasses emotional and conscious elements. Within Al, there are variations such as
Artificial Biological Intelligence (ABI), which simulates natural intelligence, and Artificial General Intelligence
(AGI). Essentially, Al mirrors cognitive functions found in the human mind, encompassing abilities like
learning, problem-solving, and analytical reasoning, albeit without the emotional and conscious dimensions
inherent in human intelligence[4].

3. Relevant Artificial Intelligence Devices in Healthcare

3.1. Machine Learning

Machine learning is a statistical method used to create models that learn from data through training. It is a
prevalent aspect of artificial intelligence, with a 2018 Deloitte survey revealing that 63% of surveyed US
companies already engaged in Al were utilizing machine learning. In the healthcare sector, a primary
application of traditional machine learning is precision medicine, wherein treatment predictions for patients are
based on various attributes and contextual factors. This typically involves supervised learning, requiring a
training dataset with known outcome variables. Machine learning, a well-known subset of Al, involves the
utilization of extensive datasets to identify interaction patterns among variables. These techniques are adept at
uncovering previously unrecognized associations, generating new hypotheses, and guiding researchers and
resources toward the most promising directions. Machine learning is applicable across various sectors, including
finance, autonomous driving, smart homes, and others. In the medical field, it is widely utilized to develop
automated clinical decision systems[5].

Neural networks, a more intricate form of machine learning established since the 1960s, have been extensively
used in healthcare research, particularly for categorization tasks like predicting disease acquisition. These
networks involve inputs, outputs, and weighted variables or features associating inputs with outputs. While
loosely analogous to how neurons process signals, the comparison to the brain's function is limited[6].

Using neural network models with numerous layers of data for result prediction, deep learning is one of the most
sophisticated types of machine learning. Modern GPUs and cloud architectures have made these models
possible, and comprise thousands of features that are concealed. Deep learning in the medical field finds
application in recognizing potentially cancerous lesions in radiology images. Furthermore, it is increasingly
applied finding clinically significant characteristics outside of human perception with imaging data, especially
in image analysis focused on oncology. This integration of deep learning and radiomics holds the promise of
enhanced diagnostic accuracy compared to the prior generation of automated tools, such as computer-aided
detection or CAD, in image analysis[6].

3.2. Natural Language Processing

Since the 1950s, researchers in Artificial Intelligence have aimed to understand human language, a goal
encapsulated in Natural Language Processing (NLP). NLP includes various applications such as speech
recognition, text analysis, and translation, all with the objective of comprehending language. There are two
fundamental approaches in NLP: statistical and meaning-based. Notably, deep learning neural networks play a
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crucial role in statistical natural language processing, significantly improving recognition accuracy. This
approach relies on extensive language datasets or corpora for effective learning[7].

In the healthcare domain, Natural Language Processing (NLP) holds significant applications in creating,
understanding, and categorizing clinical documentation and published research. NLP systems play a crucial role
in transcribing patient interactions, analyzing unstructured clinical notes, generating reports for processes like
radiology tests, and facilitating conversational Al. This highlights the central importance of NLP in advancing
language-related objectives within the healthcare sector[7].

3.3. Deep Learning

Deep learning represents a modern evolution of the traditional neural network approach, characterized by the
incorporation of numerous layers. The advancement in contemporary computing has facilitated the construction
of neural networks with an extensive number of layers, a task unattainable for classical neural networks. This
capability allows deep learning to scrutinize intricate non-linear patterns within data. The surge in deep
learning's popularity is attributed, in part, to the escalating volume and intricacy of data. In the realm of medical
research, the application of deep learning nearly doubled in 2016, with a predominant focus on imaging
analysis. This emphasis on imaging is logical, considering the inherent complexity and voluminous nature of
image data[8]. The benefits of Artificial Intelligence in Healthcare are mentioned in Figure-1.

Prevention of disease . Diagnosis of disease
Selecting goals for = = . R Predicting
freatment O ' disease
New therapy & e Identifying
options based on (= ,é potential risk
genetic makeup = factor
Mining patient data 2 ; Mentoring and
and records 7 monitoring services

Fig-1 Benefits of Artificial Intelligence in Healthcare: role in disease diagnosis, disease prediction, identify risk
factor, mentoring and monitoring service, patient data and records, provide new therapy, select goal for
treatment and disease prevention.

4. Major Disease Focused by Artificial Intelligence

4.1. Cardiology

The potential of artificial intelligence and machine learning in the field of cardiology lies in their ability to offer
a suite of tools that can enhance and broaden the impact of cardiologists. This necessity arises for various
reasons. As advanced technologies like whole-genome sequencing and real-time monitoring through mobile
devices become prevalent in clinical settings, cardiologists will face the challenge of interpreting and integrating
information from diverse areas of biomedicine[9]. The integration of data-rich sources requires the expertise of
cardiologists to effectively analyze, understand, and apply insights derived from disparate fields in biomedicine.
Cardiologists utilize extensive quantitative patient data to inform their decisions in patient care, often having
access to more comprehensive information than many other medical specialties. Despite potential challenges, it
is increasingly clear that leveraging Al techniques is the most effective approach to data-driven decision-making
in this field[10].
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4.2. Cancer

Cancer's complexity poses challenges in early detection, surgical treatment, and monitoring. Technological
advances in imaging and biomarkers offer promise, but interpreting the resulting data introduces new
complexities. The struggle persists in understanding and managing this intricate disease[11]. Al research in
cancer screening, particularly in lung and breast cancer, has demonstrated promising results. Studies indicate
that Al algorithms can match expert readers' performance in breast cancer, functioning effectively as a
secondary reviewer for mammographic screenings, offering triage support, and gaining acceptance among
women undergoing screening[12].

4.3. Neurology

The symbiotic relationship between Al and neuroscience is mutually beneficial, with Al emerging as a crucial
asset in advancing neuroscience research. Al models, specifically crafted for cognitive tasks, are generating
innovative hypotheses about the brain's control mechanisms. A noteworthy instance is the exploration of
distributional reinforcement learning in Al, leading to a groundbreaking theory on how dopaminergic signaling
manages probabilistic distributions within the brain[13]. The Indo-US stroke registry's data analysis in a
multiethnic population benefits from Al, leveraging cutting-edge computer tech, VR simulators, and 3-D
printing for enhanced neurosurgical training with patient-specific models[14].

5. Artificial Intelligence Role in Healthcare

In healthcare, Al plays a crucial role in various applications like drug discovery, remote patient monitoring,
medical diagnostics, imaging, risk management, wearable’s, virtual assistants, and hospital management. It is
particularly instrumental in domains involving big data, such as the analysis of DNA and RNA sequencing data
are also expected to benefit from the use of Al. Medical disciplines such as radiology, pathology, dermatology,
and ophthalmology are already experiencing advancements through the integration of Al techniques and the
utilization of imaging data[15].

5. 1. Radiology

The main catalyst for the rise of Al in medical imaging stems from the need for improved effectiveness and
efficiency in healthcare. The volume of radiological imaging data is expanding significantly, surpassing the
capacity of trained professionals to analyze it. Additionally, the reduction in imaging reimbursements has
compelled healthcare providers to enhance productivity to offset financial challenges [16]. As computers gained
widespread use in the 1980s, the integration of Al-powered automation into various clinical tasks has
transformed radiology from a subjective and perceptual craft to a domain that can be quantitatively computed
[15,16]. In routine clinical practice, the abundance of imaging data presents a rich resource for scientific
discovery. Radiomics, initially focused on predefined features, has evolved with the integration of deep learning
for automatic feature extraction from radiographic images. In oncology, particularly non-small-cell lung cancer
studies, radiomics aids in predicting metastasis, histological subtypes, and disease recurrence, motivating the
exploration of Al-generated biomarkers to enhance radiologists' support in diagnosis and clinical decision-
making [17].

5. 2. Wearable Devices

In the present era, chronic illnesses stand as the predominant source of both sickness and death on a global scale.
Addressing the challenges associated with managing chronic diseases has become an inevitable concern within
the home care sector. This is attributed to the emergence of an aging population and the rising prevalence of
dual-income families [18]. Wearable devices play a crucial role in managing chronic diseases by being directly
worn on the body as portable medical electronic equipment. These devices are designed for sensing, recording,
analyzing, regulating, and intervening to ensure the well-being of the individual wearing them [19]. Chronic
illnesses commonly encompass conditions such as cancer, cardiovascular and cerebrovascular diseases,
hypertension, chronic respiratory disorders, diabetes, obesity, chronic kidney ailments, degenerative joint
diseases, and neurodegenerative disorders[18-20]. Presently, the management of chronic illnesses entails the
passive administration of disease treatment and the active surveillance of health status. The advent of advanced
technologies like Al, block-chain, and wearable devices has given rise to innovative concepts for the continuous
real-time monitoring of chronic diseases[21]. The enhanced capabilities of Smartphone-based sensing and
readout systems have significantly increased the availability of wearable biosensors, paving the way for the
advancement of personalized medical services[22]. However, the incorporation of Al into wearable biosensors
demands substantial computational power and storage capacity. Apple Inc.[23]. The working of Artificial
Intelligence enables wearable biosensor devices are illustrated in Figure-2.

22649 ijariie.com 1507



Vol-10 Issue-1 2024 IJARIIE-ISSN(O)-2395-4396

ey

.

Wearable
devices

7,
\"

f\

|
L |
q

)
& R
’ i

(1) "

<€ > &

Network Cell site

Body
Area

bd

9 Bluetooth |

-
Wild)
-
<€ >
Smartphone Internet

router

Fig-2 Artificial Intelligence enable biosensor in wearable devices: role of wearable devices, Bluetooth,
Smartphone, internet router, cell site in body area network.

5. 3. Electronic Health Records

The widespread integration of electronic health records (EHRS) in recent years has produced substantial
amounts of clinical data, offering significant potential for its secondary utilization in research endeavors. EHRs
are comprehensive repositories of patient health information over an extended period[24].
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Patient Electronic Health Records (EHRs) Comprise Two Categories of Information

e  Structured information pertains to data organized within specific categories, utilizing established lexicons
like diagnostics, treatments, drugs, lab work, and demography.

e Unorganized data commonly consists of open-text documents, specifically clinical notes authored by
medical professionals like physicians and nurses.

Traditional machine learning models used for analyzing structured information in EHRs typically employ a

vector-based approach. In this method, patient records within a specific time frame are condensed into vectors

that consist of summary statistics derived from the feature values across various dimensions[25]. Examining the

unstructured data within EHR has been a persistent focus in the field of medical informatics. Traditional NLP

methods have predominantly relied on rule-based or regular-expression-based approaches, necessitating

thorough rule or expression definitions prior to analysis[25]. Challenges, Advantages, and Real-World Impact of

Al in Electronic Health Records (EHRs) are shown in Table-1 [26, 27].

Table-1 Challenges, Advantages, and Real-World Impact of Al in Electronic Health Records (EHRs)
Aspects Key Points

e Diverse coding systems in global EHRs pose challenges.

e Achieving interoperability is crucial for Al algorithms.

Initiatives like OHDSI (https://ohdsi.org/) work on standardization using
OMOP.

Interoperability Challenge

o OHDSI integrates 1.26 billion patient records from 17 countries.
Data Complexity and o EHR data exhibit heterogeneity, sparsity, and noise.
Challenges e Robust Al algorithms face challenges in analyzing such complex datasets.
o Explanation of Al algorithms is crucial for understanding decision-making
Interpretable Al processes.
Importance e Integration of medical knowledge guides model learning in the right
direction.
e Overcoming challenges enhances the potential for Al to revolutionize
healthcare.

Real-World SR Standardization efforts, like OHDSI, contribute to a global collaborative

EHR environment.

Abbreviations: Al, Artificial Intelligence, EHR, Electronic Health Records, OHDSI, Observational Health Data
Sciences and Informatics OMOP, Observational Medical Outcomes Partnership.

5.4. Diagnosis and Treatment

In recent times, there has been remarkable advancement in machine learning (ML) and deep learning (DL),
leading to notable achievements. The notable success of Al in the medical sector has consequently led to a
substantial rise in the adoption of medical Al applications. The objective of medical Al research is to develop
applications employing Al technologies to support healthcare professionals in their decision-making
processes[28]. Artificial intelligence finds application in diverse medical areas, including but not limited to
disease diagnosis, surgical procedures, and various other healthcare applications in Table-2[29-33].

Table 2 Al Applications in Medical Diagnosis

S .No Obijective Al algorithm Year
1. Diagnosing allergies kNN, SVM, MLP, AdaBag, C 5.0, and RF 2021
2. Breast cancer therapies Cluster analysis 2021
3. Alzheimer's syndrome Model in two layers using RF 2021
4. . . . Convolutional Neural Networks

Medical diagnosis (CNNs) with entity awareness 2020
5. Diagnosis of a CNN 2020
pulmonary nodule

Abbreviations: kNN, k-Nearest Neighbors, SVM, Support Vector Machines, C 5.0, Decision Trees, MLP,
Multi-Layer Perceptron, AdaBag, AdaBoost, and RF, Random Forest, CNN, convolutional neural network.

5.5. Personalized Medication
In contemporary medical procedures, physicians typically make diagnoses and prescribe medications by relying
on symptoms and clinical tests, often disregarding individual genetic and molecular information. Although this
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standardized approach proves efficient for mass production, it tends to overlook personalized considerations,
which could potentially result in medication side effects and subsequent adjustments[34]. Personalized medicine
represents a novel approach wherein the assessment of disease prognosis and prescription of medications is
tailored to an individual's genomics profile or other health-related markers. In contrast to evidence-based
medicine, which relies on average treatment effects to determine the most suitable medication, personalized
medicine focuses on individualized care [35]. The concept of personalized medicine aims to deliver precise
interventions tailored to individual patients, ensuring the appropriate treatment is administered at the right time
and dosage [34,35]. By associating disease prognosis and progression with specific genes and biomarkers, the
approach shifts from reactive practices, where treatments are initiated after symptoms appear, to proactive
measures. In this proactive model, medications and treatments are provided by the doctor at the early stages of
the disease, even before any anticipated symptoms manifest [36]. One notable illustration involves tailored
healthcare approaches in cancer prevention [37] and the application of bioinformatics in cancer treatment [38].
The foundation of pharmacogenomics lies in the idea that an individual's genetic composition plays a crucial
role in determining their response to drugs [39].

6. Al Roles in Genetic Biomarkers

Artificial Intelligence plays a crucial role in advancing our comprehension and application of genomic
biomarkers across various domains. Genomic data, characterized by its complexity and enormity, can be
efficiently managed and processed by Al algorithms, enabling rapid analysis of millions of data points. Through
pattern recognition, Al can discern subtle patterns and associations within genomic data that may pose
challenges for human detection, potentially leading to the revelation of novel biomarkers or disease-related
genetic variation [40]. Al algorithms demonstrate high accuracy in identifying genetic variants, including single
nucleotide polymorphisms (SNPs), insertions, deletions, and structural variations.

In the realm of functional annotation, Al proves invaluable by predicting the functional consequences of genetic
variants. This aids researchers in comprehending how specific genetic changes might impact health or contribute
to diseases. Additionally, Al excels at calculating polygenic risk scores by simultaneously analyzing multiple
genomic biomarkers. These scores offer insights into an individual's genetic predisposition to particular
diseases. Al-driven models integrate genomic, clinical, and environmental data to unravel the intricate interplay
between genetic factors and diseases with multi factorial origins [41].

Al's capabilities extend to personalized medicine, where it analyzes a patient's genomic biomarkers to
recommend the most suitable treatments based on their genetic profile and the latest research findings. This
approach enhances the potential for more effective and tailored therapies. In the domain of drug discovery, Al
contributes by identifying potential drug targets through genomic data analysis and predicting the interactions
between specific drugs and genomic biomarkers. In essence, Al significantly contributes to advancing our
understanding of genomic biomarkers and their applications in various domains, promoting efficiency and
precision in genomic research and healthcare [42].

7. Artificial Intelligence in Pharmaceutical Care

The pharmaceutical sector heavily relies on Al across various stages, showcasing its broad applications. Al
plays a crucial role in every phase of pharmaceutical product development, from drug discovery to product
management. In drug discovery, Al technologies such as machine learning (ML), deep learning, Al-based
quantitative structure—activity relationship (QSAR) technologies, virtual screening, support vector machines,
deep virtual screening, deep neural networks, recurrent neural networks, and more are employed in both drug
screening and design. The significant impact of Al is evident throughout these processes, contributing to
advancements in the pharmaceutical industry [43]. In the realm of pharmaceutical product development,
artificial intelligence plays a crucial role in determining suitable excipients, choosing the development process,
and ensuring compliance with specifications throughout the manufacturing process. Various tools such as Model
Expert Systems (MES), Artificial Neural Networks (ANNSs), and other advanced technologies are employed in
the pharmaceutical product development process [44]. Conventional approaches to drug discovery and
development are both costly and time-intensive, posing considerable risks. The progress in artificial intelligence
has paved the way for technology-driven methodologies. These in silico analyses have facilitated the evaluation
of drug design, repositioning, and pharmacological combinations. Moreover, they have served as instrumental
tools in genetic and immune-targeted therapies [45].

8. Challenges in Artificial Intelligence
The multifaceted character of Al, while serving as a technological revolution and a driver for intricate tasks,
presents a series of contentious challenges. Primary among these is the apprehension surrounding the
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accessibility of healthcare data. The fragmentation of data across organizational borders poses a significant
obstacle, imposing severe constraints on the capacity to deliver comprehensive services to patients throughout a
care continuum, whether within a single organization or across various entities [46]. The major challenges of
Artificial Intelligence in Healthcare are discussed in Table-3 [47-56].

Table-3 The challenges of Artificial Intelligence in Healthcare

Sectors Applications Al technology Challenges
Deep  learning,  Neural | Complex and time-
Cancer, Dementia, | networks, Unsupervised | consuming
Disease Dermatological diseases, and learning
Diagnosis atrial
fibrillation
Analyzing medical Artificial Neural Dependency on
. Images, Radiotherapy, Networks, Evolutionary hardware,
Digital Therapy | predicting outcomes, Computational Challenge in
and assessing the toxicity of methods, identifying the
Personalized radiation therapy’ Radiomics Suitable
Treatment Network
Structure.
Predicting lipophilicity and | Neural networks with an | Absence of
solubility, interaction between ADMET predictor, | adaptability and
. drugs and their targets, ALGOPS program broad applicability
Drug Discovery | predicting drug toxicity ir\eRELs.

Abbreviations: ADMET, Absorption, Distribution, and

Algorithmic Language.

Metabolism, Elimination, Toxicity, ALGOPS,

9. Conclusion

In conclusion, the transformative impact of Al on healthcare is evident across diverse medical fields. From
advanced diagnostics in radiology to personalized treatments based on genetic insights, Al has proven
instrumental in enhancing efficiency and precision. As we continue to integrate these technologies, the future of
healthcare holds great promise for improved patient outcomes and personalized care.
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