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  ABSTRACT
   The integration of artificial intelligence (AI) into medical science presents numerous opportunities for improving healthcare outcomes. AI enables data-driven decision-making, personalized treatments, and predictive analytics, revolutionizing patient care. Surveys on AI utilization in healthcare are crucial for understanding current trends, addressing ethical concerns, and fostering collaboration among stakeholders. They highlight the need for policies ensuring patient privacy, data security, and equitable access to AI-driven technologies. Distinguishing between machine learning and deep learning, AI advancements require refined algorithms, improved data quality, interdisciplinary collaboration, ethical guidelines, clinical validation, patient-centered care, and global health equity considerations. 
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1. INTRODUCTION
[bookmark: _bookmark1]   Need of medical science 
Medical science encompasses a diverse array of sectors, each playing a vital role in improving human health and wellbeing. Clinical medicine, with its focus on patient care and treatment, provides direct benefits through diagnoses, therapies, and surgical interventions. Medical research drives innovation, uncovering new treatments, medications, and preventive strategies to combat diseases. Public health initiatives aim to promote wellness and prevent illness on a population scale, addressing factors such as environmental hazards, infectious diseases, and lifestyle behaviors. Biotechnology and pharmaceutical industries develop and produce life-saving drugs and medical devices, revolutionizing healthcare delivery. Furthermore, health education and advocacy empower individuals to make informed decisions about their health and access necessary resources. Collectively, these sectors of medical science contribute to prolonged life expectancy, reduced morbidity, and enhanced quality of life for people worldwide, underscoring its indispensable role in advancing human health and flourishing. 
This paper delves into the AI aspect of medical science, highlighting the pivotal role of computer algorithms and mathematical models in shaping our comprehension of data and its applications within medicine. With the anticipated growth of data science and machine learning (ML) in medical research, advancements in AI education become crucial in facilitating knowledge dissemination and fostering critical discussions across the intersecting realms of data science and the medical field. For those unfamiliar with terms such as supervised learning, unsupervised learning, deep learning, and hybrid learning, it's important to note that they constitute subsets of AI that utilize statistical algorithms to enable machines to learn autonomously and make adaptive predictions based on data, without the need for explicit programming to perform specific actions. 






Many AI approaches operate on the fundamental principle of automatically identifying patterns within data through iterative and adaptive algorithms, refining the machine's ability to interpret data continuously. Deep learning (DL) represents a newer subset of AI techniques that harness neural networks or nodes, akin to the functionality of neurons in the human brain, to leverage vast datasets for comprehending and addressing complex problems.
   Need To conduct survey
Conducting surveys on the utilization of medical science in AI serves as a crucial endeavor in navigating the evolving intersection of healthcare and technology. Given the rapid advancement of AI technologies and their increasing integration into various aspects of medical research and practice, understanding the current landscape and trends is essential for informed decision-making and strategic planning. These surveys provide a comprehensive overview of how AI is being employed across different medical specialties, including diagnostics, treatment optimization, patient care, and public health initiatives. By collecting data from healthcare professionals, researchers, industry experts, and policymakers, surveys can elucidate the opportunities and challenges associated with AI adoption in medicine. 
Furthermore, surveys on the use of medical science in AI allow for the exploration of ethical considerations, regulatory frameworks, and societal implications. They provide insights into concerns surrounding patient privacy, data security, algorithm bias, and the equitable distribution of healthcare resources. Understanding these factors is essential for developing policies and guidelines that promote the responsible and ethical deployment of AI in healthcare settings. Moreover, surveys can shed light on disparities in access to AI-driven healthcare technologies, ensuring that advancements in medical science benefit diverse populations and address healthcare inequities. 






Additionally, surveys facilitate knowledge sharing and collaboration among stakeholders in the medical and AI communities. By identifying best practices, success stories, and areas for improvement, surveys can foster interdisciplinary dialogue and collaboration. This collaboration is essential for driving innovation, refining AI algorithms, and accelerating the translation of research findings into clinical practice. Ultimately, surveys on the use of medical science in AI play a pivotal role in shaping the future of healthcare by informing policy decisions, guiding research priorities, and promoting the ethical and equitable deployment of AI technologies for the betterment of human health and well-being. 
AI and its significance 
While commonly used interchangeably, machine learning, deep learning, and artificial intelligence refer to distinct sets of algorithms and learning processes. Artificial Intelligence (AI) serves as the overarching term, encompassing any computerized intelligence aiming to mimic human cognitive functions (Lee et al., 2017). AI, often associated with autonomous systems like robots and self-driving cars, finds applications in everyday scenarios such as personalized advertisements and internet searches.
Recent years have seen significant advancements in AI, leading to its widespread adoption across various domains due to its superior decision-making abilities, enhanced problem-solving capabilities, and computational prowess (Miotto et al., 2017). In the development of AI algorithms, data is typically divided into training and test sets to ensure reliable learning, representative sampling, and unbiased predictions. During training, the algorithm learns from sets of characteristic data points (features) and corresponding predictions, particularly in supervised learning scenarios. Subsequently, the algorithm's performance is evaluated using the testing dataset, comprising new data instances not encountered during training, to ensure generalizability and mitigate biases (Alloghani et al., 2020). 
Upon successful completion of training and testing phases, algorithms are deployed in healthcare settings. The application of AI in healthcare spans various specialized subfields. In this overview, we focus on machine learning and deep learning, two prominent subfields within the broader spectrum of AI. 
Artificial Intelligence encompasses a wide array of algorithmic models and statistical techniques geared towards addressing problems without requiring specialized programming (Samuel, 2000) . Many machine learning models operate with a single layer, meaning that thorough feature extraction and data preprocessing are essential before inputting the data into the algorithm. This preprocessing step is pivotal for ensuring precise predictions and preventing issues such as overfitting or underfitting of the training dataset. 
On the other hand, deep learning represents a more intricate subset of machine learning, employing layered artificial neural networks to achieve heightened accuracy and specificity at the expense of some interpretability. 




These neural networks consist of multiple layers that facilitate connections between artificial neurons or units across different layers (Qin et al., 2019). Through these interconnected layers, neural networks autonomously learn, discern patterns, and extract insights from data, continually processing information until specialized outcomes are achieved .

   2. AI MODEL LEARNING TYPES 
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   2.1. Supervised 
The majority of AI-based algorithms rely on various learning approaches, with one such subtype being supervised learning. This approach is utilized in training classification and prediction algorithms based on previous examples or outputs. A crucial aspect of supervised learning is that the training set comprises features along with corresponding predictions or outcomes. Essentially, supervised learning entails generalizing information from the features within the training set to construct a model capable of accurately predicting outcomes, which is then applied to make predictions using new features in the testing dataset. 






A study evaluated a machine learning algorithm's efficacy in classifying participants' expertise levels during simulated neurosurgical tasks. Results indicated the algorithm achieved 90% accuracy, surpassing other methods. Despite some misclassifications, the findings highlight the potential of machine learning for precise assessment of surgical skills, offering promising implications for surgical training evaluation (Winkler-Schwartz et al., 2019). 
In another similar study an approach for student modeling and diagnosis in intelligent tutoring systems, focusing on orthopedic surgery. By integrating temporal Bayesian networks with fine-grained didactic analysis, the system effectively captures learners' evolving cognitive behavior. Application in teaching sacro-iliac screw fixation yielded coherent diagnoses with acceptable response times, showcasing the system's potential for personalized feedback in complex problem solving (VM Chieu, 2010). 
In one study, researchers developed an advanced laparoscopic surgical skills assessment trainer utilizing computer vision, augmented reality, and AI algorithms on a Raspberry Pi platform. This system evaluated trainees' performance in transferring and pattern cutting tasks, distinguishing between expert and non-expert behavior using an artificial neural network. Results indicated notable improvements in learning curves and skill acquisition, suggesting the potential for enhanced trainee confidence, especially in resource-constrained settings (Alonso-Silverio et al., 2018). 
Several types of machine learning (ML) algorithms that employ supervised learning approaches include Decision Trees, Random Forests, Support Vector Machines (SVM), and Artificial Neural Networks (ANN). Decision tree algorithms serve as decision support tools that start with a single node and determine potential outcomes for that decision, branching out with subsequent decisions until reaching a final result (Kamiński et al., 2018). SVMs, classified as classification algorithms, utilize supervised learning to segregate features into two groups by identifying the largest margin hyperplane to effectively separate the data and provide optimal organization (Gaonkar &Davatzikos, 2013; Lee et al., 2017). ANN structures typically consist of an input layer, one or more hidden layers, and an output layer, where neurons in each layer are interconnected with neurons in adjacent layers (Leijnen& Veen, 2021). 
Numerous studies have explored the efficacy of AI models in predicting depression within both the general population and among veterans, yielding substantial levels of accuracy (Kessler et al., 2017; Sau & Bhakta, 2017). 
In healthcare, supervised machine learning approaches find widespread application in various domains, including disease prediction, identification of hospital outcomes, and image detection, among others (Hilton et al., 2020; Kumar et al., 2016; Mahbod et al., 2019). 





In a study utilizing an AI model for detecting depression, particularly leveraging XGBoost, noteworthy findings emerged regarding its accuracy and predictive capabilities. The analysis revealed that clinical measures exhibit the potential to effectively discern depression and identify key predictors associated with the condition (Arun et al., 2018). 
In another assessment of performance type study, the effectiveness of deep machine learning in evaluating surgical characteristics and performance from video clips was investigated. Through analysis of 103 surgical procedures, the models achieved high precision and recall rates in detecting surgical actions and estimating surgeon skill levels. These results underscore the potential of deep learning to provide objective feedback mechanisms for surgeons, thereby contributing to skill refinement and enhancing surgical safety (Khalid et al., 2020).
   2.2. Un-Supervised
Another category of AI-based learning approaches is unsupervised learning, primarily employed for data evaluation and clustering applications. Unsupervised machine learning focuses on data analysis, segmentation, and reduction rather than prediction. Typically, unsupervised clustering methods utilize algorithms to organize unclassified or uncategorized data into distinct clusters independently. While data preprocessing and feature extraction are common pre-input procedures in most machine learning forms, unsupervised learning enables the extraction of features and exploration of data clusters by identifying underlying relationships or features and grouping them based on similarities (Alloghani et al., 2020).
Various unsupervised learning approaches include the k-Means algorithm, Deep Belief Networks, and Convolutional Neural Networks (CNN). The k-Means algorithm, widely used as a clustering method, identifies cluster centroids within unlabeled datasets to create groups based on the mean (Alloghani et al., 2020). Deep Belief Networks (DBNs) are multilayer networks with intra-level connections, predominantly utilizing unsupervised learning to detect features and uncover correlations within the data (Ravi et al., 2017). Convolutional Neural Networks (CNNs) are multilayer networks specializing in feature recognition and identification, commonly employed for tasks like anomaly detection, image recognition, and classification (Praveen Chakravarthy et al., 2022). 
In another study analyzing biomarkers for depression, researchers discovered that fMRI connectivity patterns can differentiate between various clinical groups. This highlights the potential of fMRI-based analysis as diagnostic biomarkers for depression (Drysdale et al., 2017). 
In a study utilizing an AI model on brain scans to predict schizophrenia, the EMPaSchiz ensemble learner demonstrates high accuracy in schizophrenia prediction using neuroimaging data, surpassing individual predictors. Additionally, it exhibits moderate proficiency in distinguishing between symptomatic and non-symptomatic patients, offering valuable insights into the neural correlates of schizophrenia (Kalmady et al., 2019).




   In a particularly intriguing study, natural language processing techniques were employed to analyze Twitter feeds with a focus on detecting emotions related to depression. Each individual tweet underwent classification as either neutral or negative, utilizing a carefully curated word-list designed to identify signs of depression tendencies. The results yielded an impressive precision of 0.836 and an overall accuracy of 83%. These findings underscore the significant potential of leveraging social media platforms for predicting depression, demonstrating the notable capabilities of such approaches in mental health research and intervention (Deshpande & Rao, 2018). 
   Unsupervised algorithms, preferred for clustering tasks due to the absence of predefined outcomes and data homogeneity, offer rapid and effective data exploration. Despite their utility, unsupervised methods remain somewhat less popular in healthcare settings.

2.3. Deep learning 
   Deep learning constitutes a specific subset of machine   learning techniques that emulate the functionality of neurons in our brain, thus giving rise to the concept of neural networks. 
  The literature indicates that traditional health monitoring systems rely solely on the expertise of professionals and are often time-consuming, resulting in a high error rate. While machine learning (ML)-based systems demonstrate exceptional performance with small datasets, they tend to struggle with larger datasets. Consequently, researchers have delved deeper into the realm of machine learning, leading to the emergence of deep learning, which has shown remarkable results particularly with large datasets. 
  In medicine, accurately predicting or detecting diseases and abnormalities presents a formidable challenge. Consequently, machine learning techniques integrated into automated or semi-automated computer-aided diagnosis (CAD) systems play a crucial role in predicting or detecting diseases and abnormalities. This aids medical experts in making informed decisions and preparing accurate treatment schedules (Jiang et al., 2018; F. Wang & Preininger, 2019).
  Deep learning represents the evolution of machine learning (Chen et al., 2006; Kwolek, 2005; Rizk et al., 2019; Xi et al., 2019). In traditional machine learning, the algorithm's performance heavily relies on accurately identifying or extracting features from the data. In contrast, deep learning algorithms aim to learn high-level features directly from the data (Ahmed et al., 2016; Graves et al., 2013; Hadsell et al., 2008; Xi et al., 2019). The remarkable accuracy achieved by deep learning has garnered significant attention, sometimes surpassing human perception [13, 21]. The relationship between the performance of machine learning and deep learning algorithms concerning the volume of data is depicted in Figure 4. It is observed that traditional machine learning models excel with small datasets, whereas deep learning algorithms perform exceptionally well with larger datasets. 
                          



  Following a systematic review of past studies, it has been noted that deep learning yields promising outcomes across various medical applications such as image and tissue classification, characterization of cancerous cells, as well as detection and segmentation tasks. Furthermore, noteworthy observations have been made regarding the utilization of auto-encoders and Deep Belief Networks (DBNs). However, it's essential to acknowledge that two of the most commonly used models, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), boast complex architectures, thereby making their implementation somewhat challenging (Mahbod et al., 2019; Razzak et al., n.d.).
  A study investigating the prediction of breast cancer recurrence beyond five years using a limited set of features has yielded promising results, showing high sensitivity in prediction. Notably, the presence of Carcinoma In Situ with an invasive component emerged as a significant predictor in the analysis (Bellotti et al., 2006a). 
  Deep learning (DL) models primarily rely on the representation of system features and the acquisition of data for each specific problem. This dependence can result in a more costly system. Achieving a robust feature representation requires accurate labeling of data, which is essential for the proper functioning of the system.(Jia et al., 2019).The labeling process demands expertise and is typically time-consuming. This aspect highlights that implementing DL method-based systems can be costly. Therefore, cost remains a significant challenge for various groups, prompting extensive research aimed at reducing the expenses associated with developing such systems.
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Primary table used

   Table 1: Supervised Learning


	Description
	Model Used 
	Reference 

	Understand how viewing behavior correlates with test answers 
	Random Forest 
	(Walkowski et al., 2015) 

	Assess neurosurgical skills in a simulator 
	KNN (K-Nearest Neighbors) 
	(Winkler-Schwartz et al., 2019)

	Assess neurosurgical skills in a simulator 
	Naive Bayes 
	(Winkler-Schwartz et al., 2019)

	Assess neurosurgical skills in a simulator 
	Discriminant Analysis 
	(Winkler-Schwartz et al., 2019)

	Assess neurosurgical skills in a simulator 
	Support Vector Machines (SVM) 
	(Winkler-Schwartz et al., 2019)

	Develop AI system to distinguish hand motions of expert and novice surgeons 
	Support Vector Machines (SVM) 
	(Uemura et al., 2018)

	Evaluate applicability of deep learning for surgical skill assessment
	 Support Vector Machines (SVM)
	 (Z. Wang & Fey, 2018) 

	Validate motion-tracking system and algorithms for evaluating laparoscopic suturing 
	Regularized Least Squares Regression 
	(Oquendo et al., 2018)


	Depression, Physical frailty, Pulmonary function, BMI, LDL 
	XGBoost
	(Arun et al., 2018)


	Probability of suicide deaths 
	SVM
	 (Choi et al., 2018)

	Suicide terms, Symptoms of SMI 
	NLP
	 (Fernandes et al., 2018) 

	Identify symptoms of SMI from clinical EHR text using NLP
	 BART 
	(Jackson et al., 2017)

	A ML model can predict suicide 
	BART 
	(Kessler et al., 2017) 

	Mood rating scales 
	ANN 
	(Sau & Bhakta, 2017)

	Evaluating predictability of antidepressant 
	GBM 
	(Chekroud et al., 2017)


	Cross-trial prediction of treatment outcome in depression 
	GBM 
	GBM (Chekroud et al., 2016)

	Machine Learning Approach to Identifying Placebo Responders in LateLife Depression Trials 
	Fuzzy neural hybrid model 

	(Zilcha-Mano et al., 2018) 

	Mathematically model how psychiatrists clinically perceive depression symptoms and diagnose depression states 
	Multivariate logistic model 

	(Chattopadhyay, 2017)

	Identify subjects with clinically meaningful depression from smartphone data 
	Multivariate logistic model 

	(Wahle et al., 2016) 

	Identify social network users with depression based on their posts 
	Logistic regression classifier 
	(Aldarwish& Ahmad, 2017) 








      Table 2: Unsupervised learning

	Description 
	Model Used 
	Reference 

	Teach echocardiography in simulated environment with feedback 
	Fuzzy-methods 
	(Weidenbach et al., 2004)


	Teach echocardiography in simulated environment with feedback 
	Clustering Algorithms 
	(Weidenbach et al., 2004) 


	Develop AI system to distinguish hand motions of expert and novice surgeons 
	Convolutional Neural Networks (CNNs) 
	(Uemura et al., 2018)



	Evaluate applicability of deep learning for surgical skill assessment 
	Convolutional Neural Networks (CNNs) 
	(Z. Wang & Fey, 2018) 


	Understand surgical skills and predict OSATS scores 
	Convolutional Neural Networks (CNNs) 
	(Ismail Fawaz et al., 2019) 

	Connectivity in limbic and frontostriatal networks from fMRI data 
	SVM 
	(Drysdale et al., 2017)


	Regional activity and functional connectivity from fMRI data 
	Ensemble model 
	(Kalmady et al., 2019) 


	Identified mental health-related subreddits 
	CNN 
	(Gkotsis et al., 2017a)


	Classify whether a Twitter post represents evidence of depression and depression subtype 
	SVM 
	(Mowery et al., 2016)



















































	Description
	Model Used 
	Reference

	Teach clinical reasoning with feedback/prompts at individualized pace 
	Temporal Logic
	(Kabanza et al., 2006)


	Identified mental health-related subreddits 
	CNN 
	(Gkotsis et al., 2017b) 


	Breast cancer classification 
	CNN (GoogleNet) 
	(Khan et al., 2019) 

	Medical image classification 
	SDL 
	(Zhang et al., 2019) 

	Skin lesion classification 
	CNN + SVM 
	(Mahbod et al., 2019) 

	Prediction of lung cancer 
	Various (CNN) 
	(Y. Xu et al., 2019)

	Breast lesion classification 
	CNN 
	(N Saffari, 2018)

	Diagnosis of seizure using EEG signals
	TANN 
	(Acharya et al., 2018) 


	Tuberculosis on chest radiographs 
	13-layer CNN 
	(Lakhani & Sundaram, 2017)

	Mammogram classification 
	CNN 
	(Gardezi et al., 2018) 

	Mammographic lesion detection 
	CGAN 
	(Kooi et al., 2017) 


	Breast density segmentation 
	AlexNet
	(N Saffari, 2018)

	Diagnosis of focal liver diseases 
	SSAE 
	(Hassan et al., 2017)


	Microscopic image classification
	CNN 
	 (Nguyen et al., 2018)


	4-Class breast density classification
	RNN 
	 (J. Xu et al., 2018) 


	2-Class breast density classification 
	RNN 
	(J. Xu et al., 2018) 


	ALL classification 
	AlexNet
	(Rehman et al., 2018)

	Brain tumors classification 
	CNN 
	(Mohsen et al., 2018)

	Hepatocellular carcinoma detection 
	Auto-encoder 
	(Chaudhary et al., 2018) 


	Breast density segmentation 
	Cgan
	(N Saffari, 2018)

	CAD system for mass detection 
	2-Layer FNN 
	(Bellotti et al., 2006b) 


	Mass detection using mammographic images 
	R-CNN
	(Dhungel et al., 2015)

	Chest pathology detection 
	CNN 
	(Bar et al., 2015) 


Table 3: Deep-learning








CONTRIBUTION 
  This research paper contributes to the burgeoning field of medical science, particularly focusing on the intersection with artificial intelligence (AI) and machine learning (ML). Here are the key contributions outlined:  
1. Comprehensive Overview of AI in Medical Science: The paper provides a thorough examination of how AI, including machine learning and deep learning, is revolutionizing various sectors within medical science. By elucidating the significance of AI algorithms and mathematical models, it highlights their pivotal role in advancing healthcare delivery, improving patient outcomes, and enhancing overall well-being. 
2. Need for Conducting Surveys: Recognizing the rapid integration of AI technologies into healthcare, the paper underscores the importance of conducting surveys to understand the current landscape and trends. These surveys are crucial for informing decision-making, strategic planning, and policy development regarding the adoption and ethical deployment of AI in medical settings.  
3. Exploration of AI Learning Types: The paper comprehensively explores different AI learning approaches, including supervised and unsupervised learning. By delineating the characteristics and applications of each approach, it provides insights into how AI algorithms are utilized for tasks such as disease prediction, image detection, and data clustering in healthcare.  
4. Focus on Deep Learning: A significant contribution of the paper lies in its emphasis on deep learning, a subset of machine learning techniques that emulate the functionality of neurons in the human brain. By discussing the evolution from traditional machine learning to deep learning, it sheds light on how deep learning algorithms achieve remarkable accuracy, particularly with large datasets, and their applications in medical image analysis and disease detection.  
5. Challenges and Future Directions: Lastly, the paper addresses challenges associated with implementing AI-based systems in healthcare, such as the cost of data labeling and the complexity of deep learning architectures. By acknowledging these challenges, it paves the way for future research aimed at mitigating barriers to the widespread adoption of AI in medical science. 










In summary, this research paper makes significant contributions to the understanding of AI's role in medical science, emphasizing the need for surveys, exploring AI learning types, focusing on deep learning advancements, and addressing challenges and future directions for AI implementation in healthcare. These contributions contribute to the ongoing discourse surrounding the responsible and ethical integration of AI technologies for the betterment of human health and well-being. 

FUTURE SCOPE
In addition to the contributions outlined, this research paper identifies several avenues for future exploration and development within the realm of AI in medical science. Here are the key areas for future research and innovation: 
1. Advanced AI Algorithms: Future research could focus on the development of more advanced AI algorithms tailored specifically for medical applications. This includes the exploration of novel deep learning architectures, reinforcement learning techniques, and hybrid models that combine multiple AI approaches to address complex medical challenges more effectively. 
2. Data Quality and Accessibility: Ensuring the quality and accessibility of healthcare data remains a crucial area for future improvement. Researchers could investigate strategies for enhancing data collection methods, ensuring data privacy and security, and promoting data sharing initiatives to facilitate broader access to diverse and representative datasets for training AI models. 
3. Interdisciplinary Collaboration: Collaboration between medical professionals, data scientists, computer engineers, and policymakers is essential for driving innovation in AI-powered healthcare solutions. Future research could explore frameworks and platforms for fostering interdisciplinary collaboration, facilitating knowledge exchange, and promoting best practices in AI implementation within medical settings. 
4. Ethical and Regulatory Frameworks: As AI technologies continue to evolve, there is a pressing need to develop robust ethical and regulatory frameworks to govern their use in healthcare. Future research could focus on addressing ethical considerations related to patient privacy, algorithm bias, transparency, and accountability, as well as establishing regulatory guidelines to ensure the responsible and equitable deployment of AI in medical practice. 










5. Clinical Validation and Translation: Validating the clinical efficacy and safety of AI-driven healthcare solutions is paramount for their successful translation into clinical practice. Future research could prioritize clinical validation studies to assess the real-world performance of AI algorithms across diverse patient populations and healthcare settings, ultimately accelerating the adoption of AI technologies for improving patient outcomes. 
6. Patient-Centered AI Solutions: Designing AI solutions that prioritize patient-centric care and empower individuals to actively participate in their healthcare journey is an area ripe for future exploration. Research could focus on developing personalized AI-driven interventions, decision support systems, and health monitoring tools that cater to the unique needs and preferences of individual patients, thereby fostering patient engagement and improving health outcomes. 
7. Global Health Equity: Addressing disparities in access to AI-driven healthcare technologies and ensuring equitable distribution of resources is a critical priority for future research. This includes investigating strategies for overcoming barriers to adoption in underserved communities, leveraging AI to address healthcare disparities, and promoting global collaboration to advance health equity initiatives through AI-powered solutions. 
CONCLUSION 
In conclusion, future research in AI and medical science should prioritize the development of advanced algorithms, improvements in data quality and accessibility, interdisciplinary collaboration, ethical and regulatory considerations, clinical validation and translation, patient-centered care, and global health equity. By addressing these key areas, researchers can contribute to the continued advancement of AI technologies for the benefit of human health and wellbeing on a global scale.
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