
 

 

Advancements and Challenges of Artificial Intelligence in Healthcare and Medicine: An 

Overview 

Abstract 

Artificial intelligence (AI) has the potential to significantly transform medicine and enhance 

the experiences of patients and physicians alike. The distance between research and 

deployment has been shortened by promising studies and developments in medical image 

processing.  Eventually, authors discuss significant ethical and technological difficulties 

ranging from racial bias to data shortage. AI may reach its full potential as these issues are 

resolved, making healthcare more accessible, effective, and precise for patients everywhere.  

However, among the excitement, there is equal scepticism, with some urging caution at 

inflated expectations. Conclusively, this overview provides new insights into establishing a 

strong platform to explore certain new facets in the area of healthcare and medicine. The 

rapid progression of AI technology presents an opportunity for its application in clinical 

practice, potentially revolutionizing healthcare services, though there are still concerns over 

research gaps and potential areas for further study in view of the regulation of AI in medicine and 

pivotal roles across the healthcare system, equally impacting patients, doctors, and 

researchers.  
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knowledge graphs, medicine, multimodal learning, transfer learning. 
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INTRODUCTION 

Artificial intelligence (AI) research within medicine is growing rapidly. In 2016, healthcare 

AI projects attracted more investment than AI projects within any other sector of the global 

economy.However, among the excitement, there is equal scepticism, with some urging 

caution at inflated expectations [1-3]. This article takes a close look at current trends in 

medical AI and the future possibilities for generalpractice.AI is set to significantly alter 

medicine in the years to come. Medical AI algorithms that can identify disease from medical 

images at the expert level have just recently been shown in groundbreaking ways [4–7]. The 

field of medical AI has significantly advanced. With the medical AI community navigating 

the intricate ethical, technological, and human-centered difficulties necessary for safe and 

successful translation, the integration of medical AI systems into ordinary clinical care now 

represents a significant but mainly unrealized possibility. This overview offers a 

compendious summary of the current state of medical AI by highlighting central 

advancements and broad inclination. The work that has been made over the last two years, 

during which it led to monitor and disseminate new progression in medical field. A recent 

transformation in science and technology is artificial intelligence (AI). Numerous human 

endeavors at all societal levels, principally, from people to social groups, businesses, and 

nations, are already impacted. Globally, artificial intelligence (AI) is growing rapidly in 

practically every industrial, economic, and social sector, including information technologies, 

manufacturing, commerce, space, remote sensing, security and defence, transportation, and 

automobiles. Since the turn of the century, AI has also been successfully progressive into the 

fields of medicine and health care. [8,9]. 

What is Medical Artificial Intelligence? 



 

 

The core of evidence-based medicine is using historical data to inform clinical decision 

making. This task has traditionally been tackled by statistical methods, which describe 

patterns in data as mathematical equations. For instance, linear regression proposes a "line of 

best fit." AI offers methods for "machine learning" (ML), which reveals intricate relationships 

that are difficult to simplify into an equation. For instance, neural networks use a large 

number of interconnected neurons to represent data in a manner akin to that of the human 

brain.  

This enables ML systems to tackle difficult problem solving in a manner similar to that of a 

clinician: by carefully evaluating the available data to arrive at logical conclusions. These 

systems can, however, concurrently examine and quickly process an almost infinite number 

of inputs, unlike a single clinician. For instance, 1.2 million individuals in North London are 

now competently triaged to Accident & Emergency (A & E) by an AI-driven smart phone 

app. [10] Example, These systems can be exposed to more cases in a matter of minutes than a 

doctor might view in many lifetimes since they can learn from each incremental case. This is 

why dermatologists cannot accurately diagnose worrisome skin lesions as well as an AI-

driven program can, [11] or why AI is being trusted with tasks where professionals frequently 

disagree, such detecting pulmonary tuberculosis on chest radiographs [12]. Numerous factors 

contribute to the rapid and potent evolution of AI. These include the availability of robust and 

reasonably priced computing (processing) tools, hardware (such as graphics processing 

units), software, and applications-even in consumer-grade personal computers and mobile 

devices-and large (big) data sets with a wide variety of information types and formats, both in 

online and cloud platforms and produced in real time by wearable technology and the internet 

of things (IoT); the growth of open source coding resources and online communities of 

practitioners and users exchanging resources, know-how, and experience; and the integration 

of computer processing with other technologies like photonics (the fusion of applied optics 

and electronics) and human-machine interfaces.  

Recent Advancements in the Application of AI Algorithms in Medicine 

Relatively few AI tools have been implemented in medical practice, despite the fact that AI 

systems have been repeatedly demonstrated to be effective in a wide range of retrospective 

medical studies [13]. Critics point out that AI system may not be as beneficial in practice as 

historical data would indicate [14]. They may be too complex or slow to be effective in actual 

medical settings [15]; or unanticipated issues may occur from the interactions between 

humans and AI is [16]. Furthermore, retrospective in silico datasets are subjected to a 



 

 

rigorous cleaning and filtering process, which may reduce their representativeness of actual 

medical practice. Prospective studies and randomized controlled trials (RCTs) can close this 

knowledge gap between theory and practice by more thoroughly proving that AI models can 

produce measurable, beneficial results when used in real-world settings and health setting. 

Recently, the applicability of AI systems in healthcare has recently been examined using 

RCTs. The usefulness of AI has been evaluated using a range of additional measures in 

addition to accuracy, offering a comprehensive picture of its influence on medical systems 

[17-21]. An RCT assessing an AI system, for instance, for Monitoring insulin dosages 

allowed researchers to determine how much time patients spent. Research that assessed a 

monitoring system for intra-operative hypo-tension measured the average length of hypo-

tension episodes [22]. Within the target glucose range [23], while a system that identified 

instances of the reduction of turnaround time [24] was used to evaluate cerebral bleeding for 

human review. Current recommendations, like AI-specific future recommendations like 

STARD-AI and updates to the SPIRIT and CONSORT guidelines could aid in standardizing 

medical AI reporting, including clinical trials protocols and results, making it easier for the 

community to share findings and rigorously investigate the usefulness of medical AI [25-26]. 

Certain AI systems have advanced from testing to deployment in recent years, gaining 

administrative backing and overcoming regulatory obstacles. By permitting funding for the 

use of two particular AI systems for medical picture diagnosis [27] at the Centers for 

Medicare and Medicaid Services, which authorizes public insurance reimbursement 

expenses, has promoted the application of AI in clinical settings. In addition, a 2020 study 

discovered that the US Food and Drug Administration (FDA) is rapidly approving AI 

products, especially those that use machine learning (ML), a subset of AI [28]. These 

developments mostly come in the form of FDA clearances, which set a lower regulatory 

threshold for goods than full-fledged approvals but nonetheless pave the way for the 

application of AI/ML systems in actual clinical settings. It is important to point out that the 

datasets used for these regulatory clearances are often made up of retrospective, single-

institution data that are mostly unpublished and considered proprietary. To build trust in 

medical AI systems, stronger standards for reporting transparency and validation will be 

required, including demonstrations of impact on clinical outcomes. 

Deep Learning for Interpretation of Medical Images 



 

 

Recent years have seen a notable advancement in image categorization thanks to deep 

learning, which uses neural networks to directly identify patterns in raw data. Medical AI 

research has so flourished in fields like radiology, pathology, gastrointestinal, and 

ophthalmology that mostly rely on image interpretation. In the field of ophthalmology, deep 

learning models have been used extensively, leading to significant advancements in 

deployment [29-33; Figure 1]. Studies have examined the human impact of such models on 

health systems in addition to measuring model performance.  

For instance, one study used human observation and interviews to investigate the effects of 

an AI system for screening for eye diseases on patient experience and medical processes. 

Other research has examined the financial effects of AI in the field of ophthalmology and 

discovered that, in certain situations, such as the diagnosis of diabetic retinopathy, semi-

automated or fully automated AI screening [34] may result in cost savings. 

 

Figure 1: AI using Medical Imaging 

Opportunities for Development of AI Algorithms 

Studies on medical AI frequently follow a similar pattern: they start with an image 

classification problem, train an AI system using supervised learning on labelled data, and 

then assess the system by contrasting it with human specialists. Even though these studies 

have made significant strides, we provide three more exciting research directions that deviate 

from this pattern. We start by discussing non-image data sources that can yield valuable 

medical insights, like text, chemical, and genetic sequences. Second, we talk about problem 

formulations that go beyond supervised learning, using paradigms like unsupervised or semi-

supervised learning to extract insights from unlabeled or otherwise defective data. Lastly, we 



 

 

examine AI systems that work alongside people rather than against them, as this is a way to 

improve performance than either AI or humans alone. 

AI Configurations Outside of Supervised Learning 

Apart from utilizing new data sources, current research has experimented with non-traditional 

issue formulations. Traditionally, models like as neural networks are used to learn functions 

mapping from inputs to labels, and datasets are created using actual data to generate inputs 

and labels. However, datasets with accurate inputs and labels are typically hard to come by 

and are commonly reused across numerous researches due to the time-consuming and costly 

nature of labelling. To address issues where data are unlabeled or otherwise noisy, additional 

paradigms have been employed, such as unsupervised learning (more especially, self-

supervised learning), semi-supervised learning, causal inference, and reinforcement learning. 

By improving current technology and expanding our knowledge of diseases, these 

developments have pushed the limits of medical AI. Instead of being restricted to pre-existing 

labels, as in the supervised paradigm [34-39] unsupervised learning—learning from data 

without any labels-has yielded useful discoveries by enabling models to discover new 

patterns and categories. For instance, clustering algorithms, which group similar unlabelled 

data points together to organize them, have been used to identify clinically significant patient 

subgroups for illnesses like endometriosis, breast cancer, and sepsis [40]. These 

classifications may eventually aid in the diagnosis, prognosis, and therapy of diseases by 

exposing new patterns in their appearance [41]. 

Opportunities for Development of AI Algorithms 

Medical AI research frequently follows a well-known pattern: it starts with an image 

classification problem, trains an AI system using supervised learning on labelled data, and 

then assesses the system by comparing it to human experts [Figure 2]. Despite the notable 

advancements made in these studies, we provide three more exciting research directions that 

deviate from the norm We start by talking about non-image data sources that can offer 

valuable medical insights, like text, chemical, and genetic sequences. Secondly, we go over 

problem formulations that go beyond supervised learning, using paradigms like unsupervised 

or semi-supervised learning to extract insights from unlabeled or otherwise defective data 

[Figure 2]. In order to improve performance, we lastly examine AI technologies that work 

alongside people rather than against them than either AI or humans alone [41,42]. 



 

 

 

Figure 2: AI Opportunities, Progress, Challenges 

Data on Health beyond Pictures 

Deep learning models are capable of learning from a wide range of input data, including text, 

numbers, and even mixtures of different input types, going beyond image classification.  

Numerous rich data sources, including natural language, genetic information, medical signals 

like electroencephalogram (EEG) data, and multi-modal data, have been incorporated into 

recent studies. An overview of applications utilizing various data sources is shown below.  

Recent developments in biochemistry have been made possible by AI, leading to a better 

knowledge of the composition and behaviour of biomolecules 33-36. Senior et al.'s work on 

Alpha Fold marked a breakthrough in the crucial process of protein folding that entails 

predicting a protein's three-dimensional structure based on its chemical sequence. Protein 

structure prediction advances can offer mechanistic understanding of a variety of phenomena, 

including drug-protein interactions and the consequences of mutations [42]. Additionally, 

Alley and colleagues made significant progress in the field of protein analysis by developing 

statistical summaries that capture important protein characteristics and support learning by 

neural networks using fewer data 34. Instead of utilizing raw chemicals, such summaries 

sequences, models for jobs that come after, such as molecular function may use a lot less 

labelled data and yet achieve good performance. Despite the challenges, AI has also advanced 

the area of genetics. Modelling 3D genomic connections is difficult. When utilized 

circulating cell-free DNA data, AI has made non-invasive cancer identification, prognosis, 



 

 

and tumour origin 37-39. By predicting guide-RNA activity and identifying anti-CRISPR 

protein families, deep learning has improved CRISPR-based gene editing efforts [40,41]. 

Furthermore, the rapid identification of antibiotic resistance in pathogens has been achieved 

by AI-based analysis of microbial transcriptomic and genomic data. Physicians may now 

quickly choose the best courses of action, which could lower mortality and avoid the needless 

use of broad-spectrum antibiotics [42].  

Moreover, AI is already starting to speed up the drug discovery process. It has been 

demonstrated that deep learning models for molecular analysis speed up the process of 

finding new medications by eliminating the need for slower, more expensive physical 

experiments. Predicting pertinent physical characteristics like the toxicity or bioactivity of 

possible medications has been made easier with the help of such models. 

One study used AI to identify a drug that was subsequently proven to be effective at fighting 

antibiotic-resistant bacteria in experimental models [42]. Another drug designed by AI was 

shown to inhibit DDR1 (a receptor implicated in several diseases, including fibrosis) in 

experimental models; remarkably, it was discovered in only 21 days and experimentally 

tested in 46 days, dramatically accelerating a process that usually takes several years [43]. 

Importantly, deep learning models can select effective molecules that differ from existing 

drugs in clinically meaningful ways, thereby opening novel pathways for treatment and 

providing new tools in the fight against drug-resistant pathogens. Large medical text datasets 

are readily available for use in healthcare-related natural language processing tasks. Recent 

studies have taken advantage of these datasets by utilizing technological advancements such 

as contextual word embedding and transformers, which assist models in taking surrounding 

context into account when interpreting individual textual elements.  

BioBERT, a model trained on a vast corpus of medical texts, outperformed previous state-of-

the-art results on natural language tasks such as responding to biomedical questions [44], 

according to one study. Tasks like automatically labelling radiological reports [45] and 

learning from biomedical literature which medications are known to interact with one another 

[46] have been improved by using such models.  

It has also been possible to track broad changes in mental health by mining huge text 

databases from social media. Natural language processing advancements have so up a wealth 

of new datasets and AI opportunities, although major limitations still exist due to the 

difficulty of extracting information from long text sequences Furthermore, results from 

medical signal data, including EEG electrocardiogram [47,48] and audio data, have been 



 

 

predicted using machine learning techniques. For instance, brain activity, a predictor of 

eventual recovery, was detected using machine learning (ML) applied to EEG recordings 

from clinically non-responsive patients with brain injuries [58]. Furthermore, patients who 

have strokes and aphasia or locked-in syndrome may find great benefit from AI's direct 

conversion of brain waves into speech or text. Wearable sensors, like smart watches, which 

allow for remote health monitoring, can also be used to passively gather medical signal data 

outside of a clinical environment in the real world. For a multi-modal approach, certain deep 

learning models combine data from several sources. One model for diagnosing respiratory 

illnesses, for example, used patient accounts of their symptoms and audio recordings of their 

coughs as input. Multi-modal. Additionally, models have benefited from much more intricate 

inputs, like such as electronic health records, which contain a vast array of information such 

as laboratory findings, medicines, vital signs, and medical diagnoses [49,50]. These models 

are able to forecast using a variety of kinds of data, much as medical professionals in the real 

world depend on a variety of information when really making decisions. Despite its potential, 

this field of study appears to be neglected, partially because of the difficulties in uniformly 

collecting various forms of data across departments or organizations. However, authors 

anticipate observe a rise in the application of multi-modal models throughout time. 

Impact of Artificial Intelligence on Healthcare 

Artificial intelligence (AI) is the ability of a machine to detect patterns and relationships in 

data and use this knowledge effectively for decision-making [51]. AI is currently a driving 

force in many facets of life and is expected to change medical practices like consultation, 

examination, and prescription and make them affordable and efficient. Replications of expert 

judgment and prediction of prognosis using support vector machines, decision trees, artificial 

neural networks, and machine learning are widely used. Because imaging in diagnosis is at 

the forefront of the use of AI, screening and prediction techniques are being developed 

especially for glaucoma, cataracts, age-related macular degeneration, and diabetic retinopathy 

[52,53; Figure 3]. Advancements in computing and deep learning architectures enabled us to 

improve cancer detection, classification, drug discovery, and patient treatment outcome 

predictions [51]. Beyond histopathology images, other imaging like CT, MRI, 

mammography, fundus imaging, and even photographs can be used for diagnosis and 

prediction of prognosis [51]. Studies have shown that radiology, ophthalmology, cardiology, 

orthopaedics, and pathology AI anticipation in facilitating diagnosis and management, 

population-based surveillance, personalized care, reducing the burden of cost and work load, 



 

 

and making predictions that can assist policymakers make plans[54-59; Figure 3]. Access to 

health services is a key human right. Addressing the primal issues of cost and professional 

insufficiency is indispensable. Al might offer a triage-style care approach that could give the 

majority of people the care that uses the fewest resources initially, and providing patients who 

require it the most with more extensive care. Machines are free from stress, distraction, and 

exhaustion. Incapable of being influenced by human impulses therapists, and as a result, 

might be more effective in treating patients. Smart devices and contemporary cell phones 

record a sizable dataset that can be utilized to diagnose illnesses, tracking, monitoring, 

promotion of health, and illness avoidance [Figure 3]. The goal of this overview is to provide 

a compendious of the AI's function in medical science, its state at the moment and its 

prospects as follows: 

AI in Psychiatry 

Clinical information about mental health is more individualized and quality. However, there 

are still many benefits for mental health from artificial intelligence [60]. Algorithms for 

machine learning have effectively separated patients in good health from those in with 

psychotic disorders with greater than 70% accuracy, as well as run pre-diagnostic tests and 

create risk models. To assess a person's potential for developing psychological disorder. 

[61,62]. EEG-based deep learning techniques are capable to determine depressed persons  

 

Figure 3: AI impact in healthcare 



 

 

with greater accuracy than 90% [63]. Psychotherapy tools such as Tess and others chatbots 

that use an interactive display to function [64]. The one that Patients might use Woebot to 

recognize their feelings, lessen anxiousness, as well as lessen symptoms of depression [65]. 

The Avatar treatment effectively raises medication compliance in schizophrenia, particularly 

those who are not responding to therapy schizophrenia and helps with depressed symptoms, 

hallucinations, and symptoms as well as general life satisfaction [66,67]. Children with 

autism spectrum condition have shown improvements in spontaneous language during 

therapy sessions, and socially robotic assistance was created to help them develop social 

skills. Compared to human therapists, children appear to perform better with their robot 

companions [68]. Patients with dementia, the elderly, and those suffering from depression can 

benefit from companion bots, which also aid to improve mood and social relationships while 

lowering stress, anxiety, and loneliness [69]. When compared to spoken presentations, text-

based psycho-educational interactions result in reduced substance use and increased program 

adherence. 

AI in Cancer Research 

Machine learning was aided by the genomes, proteomics, histology, and radiology pictures 

found in cancer data pools such as Genome Atlas. On utilizing H and E-stained tissue to 

distinguish between cancer and healthy cells with good prediction accuracy, a comparable 

picture of skin lesions taken using a camera and a microscope Dermatologists did not perform 

as well as the model [69-71; Figure 4]. In forecasting gastric occult peritoneal metastases 

DNNs have a better AUC (0.92-0.94) for cancers. As contrast to employing pathological and 

clinical qualities[74]. Prostate cancer based on MRI differentiation revealed a cancer risk 

AUC of 0.84.27. Mammography results indicate a high degree of accuracy in instances 

verified by biopsy [71]. Studies revealed a rise in Mammograms' perfect specificity and 

sensitivity for detection of cancer in contrast to a typical radiograph. Zhou et al. developed a 

deep learning technique to predict the grade from liver cancer patient’s MRI scans, and they 

reported an AUC of 0.83. Non-neural network-based methods have been used to predict drug 

characteristics and toxicity.AI has been used to stage lung nodules from computed 

tomography (CT) images, identify COVID-19 from chest X-rays, and classify thyroid tissue 

using ultrasound imaging. Convolutional neural networks have demonstrated high accuracy 

and precision of 93% and 67%, respectively, when utilized for the automated detection of 

liver cancers on CT scans [71; Figure 4]. 



 

 

 

Figure 4: AI in Cancer Research 

AI in Cardiology 

Although quantitative data collection for AF is a laborious, time-consuming, and error-prone 

procedure, cardiac magnetic resonance is a recent breakthrough [72]. DL approaches are very 

useful for image processing, segmentation, and reconstruction. Its increased accuracy and 

decreased processing time [72]. Electrocardiogram Signal information resembling that of 

wearable smart devices is utilized in order to obtain a 0.91 area under the ROC to determine 

It performed better than cardiologists in these rhythms. [79,80]. The one that Apple research 

assessed an irregular pulse's capacity to alerting system to detect atrial fibrillation, as well as 

a total of 34% of cases were clinically confirmed with a positive predictive value of 0.84.38 

Rogers et al. analyzed 5796 intracardiac electrophysiological signals from 42 subjects with 

LVEF ≤ 40% and selected the most relevant input features using LR and avoiding 

collinearities. Predicting the long-term efficacy of rhythm control strategies is a critical step 

in the clinical decision-making process for patients with AF. In the AADGEN study, the 

potential of different ML algorithms to monitor the initiation of Dofetilide was demonstrated 



 

 

and predicted dosing decisions with 96.1% accuracy. Radio-frequency ablation can be 

evaluated using computational simulation AF with an average sensitivity and specificity of 

82% and 89%, respectively, and an AUC of 0.82 to predict the recurrence risk of AF [73]. 

AI in Surgery 

Every autonomous activity in surgery is based on every facet of artificial intelligence. Chang 

et al. have compiled collective data on AI applications in various spinal operations [74]. AI is 

being used more often as a result of the advancements in surgical automation. From partial 

functions like picture guidance to operations where no direct human involvement is needed, 

the surgeries have the potential to eventually become fully AI-based and autonomous [74]. 

One of the most well-known robotically assisted surgical systems is the Da Vinci Surgical 

System. Using a remote booth with technology to control the robot's arms, the surgical 

system enables the surgeons to perform surgery [75]. The majority of doctors typically accept 

this minimally invasive technique because of its accuracy. Artificial intelligence (AI)-driven 

internet or mobile platforms can be used to remotely perform surgery, even in spaceships or 

in areas affected by natural catastrophes or conflict [76]. AI is undoubtedly moving in the 

right direction, even though it doesn't appear to be directly involved in surgery because of 

certain aspects of human anatomy and the requirement for spontaneous decision-making. 

AI in Intestinal Diseases 

With an accuracy of almost 95%, ANNs trained on VCE pictures can detect small intestinal 

ulcerations and nonobstructive stenosis [77]. A method for AI-ulcer detection was created by 

Barash et al using more than 16,000 images from over 3000 UC patients, the [78]. MES 

model demonstrated exceptional AuROC, sensitivity, and specificity of 0.970, 0.83, and 0.96. 

[79]. Syed and colleagues conducted a new study in which they found that a convolutional 

neural network could analyse sets of duodenal samples and distinguish between celiac disease 

and both normal tissue and environmental enteropathy [80]. In a study employing 23 MREs 

in young CD patients, neural network segmentation of the lumen, bowel wall, and backdrop 

matched manually segmented bowel images in 75%, 81%, and 97% of the cases, respectively 

[80] with a 0.754 vs. 0.590 accuracy. Humans are more likely to perceive images incorrectly 

due to a variety of factors, including exposure, education, experience, weariness, distractions, 

a vast amount of visual data, and the image's physical quality [81]. 

Both normal tissue and environmental enteropathy [81]. In a study employing 23 MREs in 

young CD patients, neural network segmentation of the lumen, bowel wall, and backdrop 



 

 

matched manually segmented bowel images in 75%, 81%, and 97% of the cases, 

respectively.79 with a 0.754 vs. 0.590 accuracy. Humans are more likely to perceive images 

incorrectly due to a variety of factors, including exposure, education, experience, weariness, 

distractions, a vast amount of visual data, and the image's physical quality both normal tissue 

and environmental enteropathy.  

Health Professionals' Attitudesand Perceptions Towards AI 

AI and human intellect are predicted to coexist in the field of medicine in the future . 

Therefore, we must regularly teach our healthcare practitioners to use, enhance, and improve 

AI in light of the evolving healthcare system. This should be confirmed by sufficient study in 

the area. AI is threatening the jobs of healthcare professionals. 83% of 791 psychiatrists 

surveyed said AI wouldn't be able to give compassionate care, and 3.8% said it would render 

their professions obsolete [82,83]. Similar to pathologists, who were open to AI and only 

17.6% worried about their future job security, 89% of radiologists did not fear losing their 

jobs  

According to neurosurgeons, AI is being used to forecast results [82]. AI can reduce the 

burden of work for health professionals, so physicians can focus on the interpersonal 

relationship with patients. In recent years researches published on topics connecting AI and 

medical fields are in increasing exponentially  

AI can enable healthcare systems to achieve their ‘quadruple aim’ by democratizing and 

standardizing a future of connected and AI augmented care, precision diagnostics, precision 

therapeutics and, ultimately, precision medicine. [82].  Research on the use of AI in 

healthcare is still progressing quickly, and potential applications are being shown in a variety 

of healthcare domain (physical and mental health), encompassing medication administration, 

disease diagnosis, prognosis, drug discovery, virtual clinical consultation, and health 

monitoring.  

In the short, medium, and long terms, authors outline a limited set of AI applications in 

healthcare for the potential capabilities of AI to augment, automate and transform medicine: 

AI Today and in the Near Future 

Artificial intelligence cannot reason in the same manner as human doctors, who can rely on 

"clinical intuition and experience" or "common sense." This is because AI systems are not yet 

reasoning engines [83]. AI instead acts as a signal translator, interpreting patterns found in 

datasets. AI technologies are currently being used by healthcare organizations to automate 



 

 

repetitive, time-consuming procedures with a high volume. The application of AI to precision 

diagnostics (such as diabetic retinopathy and radiation planning) has also advanced 

significantly. 

AI in the Medium Term (the Next 5–10 Years) 

We predict that significant advancements will be made in the medium term in the creation of 

powerful algorithms that are efficient (i.e., require less data to train), able to use unlabelled 

data, and able to combine disparate structured and unstructured data, such as imaging, 

electronic health, multi-omic, behavioural, and pharmacological data. Additionally, medical 

practices and healthcare organizations will move from merely adopting AI platforms to co-

innovating with technology partners to create new AI systems for precision therapeutics [83]. 

AI in the long term (>10 years) 

Long-term advancements in AI will allow AI healthcare systems to reach a state of precision 

medicine through connected care and AI-augmented healthcare [84,85]. The conventional 

one-size-fits-all approach to healthcare will give way to a preventative, individualized, data-

driven disease management model that improves patient outcomes (better clinical and patient 

experiences of care) in a more economical delivery system. 

Conclusion and Future Perspectives 

Research in medical artificial intelligence frequently follows a similar pattern: it starts with 

an image classification problem, trains an AI system using supervised learning on labelled 

data, and then compares the system to human specialists for evaluation. Despite the notable 

advancements made in these studies, authors provide three more exciting research directions 

that deviate from the norm. Initially, there is a discussion on non-image data sources that can 

output worthy medical insights, including text, chemical, and genetic sequences. Secondly, 

using paradigms like unsupervised or semi-supervised learning, the problem is explored for 

developing formulations that go beyond supervised learning and extract insights from 

unlabeled or otherwise defective data. In order to get higher performance, we lastly examine 

AI technologies are precisely examined, likely to work alongside people rather than against 

them. Unconventional issue formulations have been tried in recent studies in addition to new 

data sources. In a traditional dataset, inputs and labels are extracted from actual data, and 

functions mapping inputs to labels are learned by models such as neural networks. However, 

datasets with precise inputs and labels are frequently hard to find and reused in several 



 

 

studies due to the time-consuming and costly nature of labelling. Other paradigms have been 

employed to address issues where data are unlabeled or otherwise noisy, such as unsupervised 

learning (more especially, self-supervised learning), semi-supervised learning, causal 

inference, and reinforcement learning. These developments have improved current 

technology and expanded the understanding of disease, thus pro-pulsing the limits of medical 

AI. Unsupervised learning, or learning from data without labels, has yielded useful 

discoveries by enabling models to discover new categories and patterns instead of being 

constrained by pre-existing labels as in the supervised paradigm. Despite impressive 

advancements, there are still significant technical obstacles in the field of medical AI, 

especially when it comes to creating training datasets and gaining user trust in AI systems. 

The rapid progression of AI technology presents an opportunity for its application in clinical 

practice, potentially revolutionizing healthcare services, though there are still concerns over 

the regulation of AI in medicine as well as how it might change and add roles across the 

healthcare system, impacting patients, doctors, and researchers equally.  
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