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Abstract˗ The effective, efficient, and equitable 

delivery of healthcare in the United States can be 

greatly improved by integrating artificial intelligence 

(AI) into public health infrastructure. AI provides 

strong capabilities for data analysis, predictive 

modeling, and customized interventions as chronic 

diseases, pandemics, and health inequities pose 

growing difficulties to public health systems.  This 

research review explores how AI may transform 

public health infrastructure and thoroughly 

examines the elements required for developing an 

effective, AI-driven public health system. The review 

highlights several essential elements of an AI-

powered public health infrastructure. The report also 

highlights the major obstacles to AI adoption. A well-

structured approach to risk mitigation is crucial, as 

evidenced by case studies of successful AI 

applications. the integration of AI into public health 

infrastructure has the potential to revolutionize 

healthcare in the United States, resulting in better 

health outcomes and increased resilience to 

emerging health issues.  

 

Indexed Terms- Healthcare, Health Outcomes, 

Health Systems, Artificial Intelligence, Innovation 

 

I. INTRODUCTION 

 

Artificial intelligence (AI) encompasses many 

approaches, including machine learning, natural 

language processing, and computer vision [1; 2]. 

Large-scale data analysis, prediction, and pattern 

recognition can all benefit from these techniques. AI 

has the potential to transform the healthcare sector [3]. 

AI has been used to diagnose diseases, discover new 

therapeutic targets, and forecast the emergence of 

infectious diseases. AI has also been used in medical 

imaging interpretation, medication distribution, and 

drug development [4].  

 

The inception of AI dates back over 70 years, when 

Alan Turing created The Bombe, an electro-

mechanical computer that is nearly 50 square feet in 

size, during this period. The Bombe accomplished the 

astounding accomplishment of cracking the Enigma 

code, which was previously thought to be beyond the 

capabilities of even the most accomplished human 

mathematicians [5]. This significant historical event 

spurred additional research into the possibility of 

building machines that can integrate outside data and 

process it using algorithms to generate effective results 

for a range of jobs. Alan Turing investigated the 

prospect of building cognitively similar AI robots in 

1950. In order to determine if a machine's responses 

can be distinguished from those of a person, he created 

a technique called the Turing test [6]. The machine is 

deemed intelligent if it can provide responses that are 

identical to those of humans. John McCarthy first used 

the phrase "Artificial Intelligence" in 1956, defining it 

as the computational part of goal achievement that can 

be clearly described for machine simulation [7].  

 

Over time, AI has advanced rapidly since its inception. 

The "AI winter" refers to the substantial fall in AI 

developments that occurred between the 1970s and 

2000s. Nonetheless, this recession led to a rise in the 

application of AI in the healthcare industry [8]. 

Among the first medical specialities that utilized AI 
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technology was ophthalmology. One well-known 

instance is the CASNET/glaucoma model, which was 

created in 1976 and used patient data that had been 

recorded to make judgements based on changes in 

physiological parameters, clinical signs, and treatment 

results [9]. This model opened the door for more 

developments in the field of ophthalmology and 

demonstrated the potential of AI in that sector. A 

comparable tool called the INTERNIST-1 was created 

to help doctors make accurate diagnoses of complex 

internal medicine diseases.  

 

The medical field has seen a notable increase in 

interest in using AI in recent years. The use of AI in 

complex medical issues has been made possible by the 

technology's ongoing improvements and 

developments. For example, the 2017 CardioAI, a 

cutting-edge clinical design that uses deep learning 

algorithms to quickly analyse cardiac magnetic 

resonance images, ensures quick determination of vital 

data, like cardiac ejection fraction, within seconds 

[10]. The use of AI in conjunction with endoscopies in 

2019 was a significant advancement that demonstrates 

the potential for future expansion but still requires 

constant improvement and refinement. With an 

average accuracy rate of 91.5%, the use of computer-

aided diagnosis (CAD) has made it possible to 

accurately detect, differentiate, and characterize both 

neoplastic and non-neoplastic colon polyps [10]. Thus, 

the subject of AI in healthcare has seen the rise of 

numerous businesses that support different facets of 

medicine, with healthcare firms adopting robotic 

surgery, patient data collection, and fast diagnosis and 

treatment of early-stage cancers through blood testing.  

However, despite the obvious potential of AI to 

revolutionize public health, there is still inadequate 

systematic knowledge about how AI may be 

successfully incorporated into the infrastructure of 

public health. An instance of this gap is the absence of 

frameworks that direct the application of AI in a way 

that optimizes its advantages while resolving moral 

and legal concerns. Additionally, research must be 

done to determine how AI might be applied to address 

more specific issues such as health inequities, and 

access to care in addition to improving overall public 

health outcomes. The purpose of this study is to add to 

the expanding body of knowledge regarding the use of 

AI in developing a public health infrastructure that is 

more reliant and efficient. In order to methodically 

cover the essential elements of AI-powered public 

health infrastructure, this review is organized into 

sections. 

  

II. KEY CONCEPTS OF AI 

 

The essential theories and innovations that serve as the 

basis of AI systems are included in the core concepts 

of AI. A knowledge of these ideas is therefore crucial 

to understanding AI and its possible uses. AI employs 

advanced algorithms to combine external data in an 

organized manner, resulting in precise forecasts for 

particular circumstances [11]. Advanced methods 

such as deep learning and artificial neural networks are 

used in this methodical procedure. AI has been 

effectively applied to predictive modeling in the 

medical field by properly choosing and executing the 

algorithm suited to the method being used [12; 13]. 

Preprocessing data, building the model, iterating the 

model through cross-validation, determining the best 

model, and integrating it with embedded hardware and 

software systems are some of the steps that are usually 

included in the process encompassing medical 

decision assistance of neural network (Figure 1). 

  

 
Figure 1: Neural Network-Based medical decision 

support [14] 

 

2.1 Machine Learning 

One broad area of AI that deals with a variety of 

network types is machine learning (ML). It is similar 

to DLNs in that it uses both supervised and 

unsupervised learning methods. Furthermore, semi-

supervised learning which is a third learning modality 

that integrates elements of supervised and 

unsupervised techniques is incorporated into machine 

learning. This approach's main goal is to improve 

model performance by utilizing unlabelled data [15]. 

One unique area of AI is machine learning (ML), 

which uses datasets to discover patterns and 

correlations between variables [16]. ML does not rely 

on predetermined, sequential processes, in contrast to 

traditional problem-solving methodologies. Rather, it 

utilizes data analysis to find patterns and trends in 
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particular attributes in order to complete difficult jobs 

[17]. This thus makes ML a highly beneficial tool that 

can be applied in a wide range of businesses owing to 

its integrative approach that incorporates multiple 

subfields.  

 

2.2 Deep Learning Networks 

Deep Learning Networks DLNs, a subfield of AI is 

extensive and includes image diagnostics. DLNs are 

often coupled with other networks belonging to the 

same group, such as Convolutional Neural Networks 

(CNNs) and Artificial Neural Networks. More 

specifically, CNNs belong to the same class as ANNs 

and use a similar approach. CNNs use 

backpropagation algorithms and numerous layers, 

drawing inspiration from the visual perception 

capabilities of biological organisms. This allows 

CNNs to recognize visual patterns directly, without 

requiring significant preprocessing [18]. While DLNs 

use a similar cascading approach for information 

extraction over multiple layers, they also integrate 

other learning modalities including supervised 

classification and unsupervised pattern analysis. Using 

the given inputs and their matching correct outputs, 

supervised learning focuses on making the connection 

between input and intended output. By comparing its 

actual output against the right outputs, the algorithm 

learns and becomes useful for tasks like prediction and 

classification [19]. This allows the program to spot 

faults.  

 

Furthermore, Ongsulee [19] revealed that 

unsupervised learning, on the other hand, entails 

solving problems using unlabelled data without 

assistance. To build a meaningful structure, the 

algorithm has to investigate the given data. This 

method is based on hierarchical representation, where 

a hierarchy of concepts is built by deriving higher-

level features from lower-level ones. In consideration, 

deep neural networks are essential for combining 

neural networks with different learning modalities for 

effective data analysis and visual representation. 

DLNs, and CNNs in particular, can identify visual 

patterns directly without requiring a lot of 

preprocessing, they are therefore frequently utilized in 

image diagnostics. 

 

 

 

2.3 Artificial Neural Networks 

Artificial Neural Networks (ANNs) are novel 

computational techniques and systems for 

demonstrating knowledge, applying learnt 

information to optimize complicated system output 

responses, and machine learning [20]. A data 

processing model such as ANN is based on how 

biological nervous systems, like the brain, handle 

information. On a much smaller scale, they are 

concentrated on the neuronal architecture of the 

mammalian cerebral cortex. ANNs are regarded by 

many experts in artificial intelligence as the greatest, 

if not the only, option for creating intelligent 

machines.  

 

The billions of cells that comprise the human brain are 

called neurons. According to Van Gerven and Bohte 

[21], each neuron comprises a cell body that transports 

information to and from the brain (inputs and outputs) 

for processing. The basic principle of these networks 

is derived from how the organic nervous system 

processes information and data to enable learning and 

knowledge creation. The idea's primary component is 

to give the information processing system new 

structures. Figure 2 depicts the architecture of an 

artificial neural network.  

 

Furthermore, Kim et al., [22] stated that ANN, which 

was developed by connecting layers with artificial 

neurons, is one of the ML methods inspired by the 

functioning of the human brain. However, due to 

insufficient processing power and learnable data, 

ANN has been plagued by overfitting and vanishing 

gradient issues for training deep networks. In 

computer vision and speech recognition applications, 

deep neural networks outperform humans or other 

machine learning techniques because of advancements 

in processing power with graphics processing units 

and the availability of massive data capture. Recently, 

these capabilities have been used for several 

healthcare problems, including computer-aided 

diagnosis and detection, disease prediction, image 

generation, picture segmentation.  
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Figure 2: Artificial Neural Networks [23] 

 

III. CRITICAL AI CONCEPTS RELATING TO 

HEALTHCARE 

 

To give a more thorough knowledge of the interactions 

among ANNs, DLNs, and ML in the context of 

healthcare, the relationships between them are 

therefore outlined. An essential component of AI for 

healthcare applications is ANNs. Previous research 

has shown that ANNs are computer models whose 

design and operation are modeled after biological 

neural networks. They have been widely used in many 

healthcare applications, such as prognosis, treatment 

prediction, and disease diagnosis. They are made up of 

artificial neurons that are networked together and 

function similarly to the way that human brains 

process and transfer information. ANNs are very 

useful for analyzing complex medical data because of 

their amazing abilities in pattern recognition, feature 

extraction, and nonlinear mapping. DLNs have 

transformed the field of artificial intelligence in 

healthcare by expanding on the work of ANNs. Deep 

neural networks (DLNs) can be created by layering 

numerous artificial neurons together, allowing the 

network to learn hierarchical data representations. 

DLNs can automatically extract abstract and 

complicated features from textual data, signals, and 

medical imaging due to its depth. Significant progress 

has been made in medical image analysis, natural 

language processing, and clinical decision support 

systems attributable to their capacity to learn from 

large-scale datasets. 

 

ANNs and DLNs have a progressive relationship, with 

DLNs being a more sophisticated and intricate type of 

neural network design. Although ANNs established 

the foundation for neural network-based methods, 

deeper designs and more advanced learning 

algorithms introduced by DLNs have expanded these 

capabilities. This development has made it possible to 

create strong and extremely accurate models for use in 

healthcare applications. A wider range of methods, 

such as ANNs and DLNs, are included in machine 

learning. It describes the area of research that 

focuses on algorithms and models that can learn from 

data automatically and make judgements or 

predictions without explicit programming. 

 

ANN and DLN models, as well as other methods like 

decision trees [24], support vector machines [25; 26], 

and random forests [27], are utilized by ML techniques 

in the healthcare industry. These methods make it 

possible to extract insightful information from 

healthcare data, which makes it easier to complete 

tasks like patient risk assessment, therapy 

recommendation, and health result prediction. It is 

significant to remember that, in the context of this 

work, ML refers to a particular set of methods used in 

the analysis of medical data, including ANN and DLN. 

In line with this, it is therefore critical to keep in mind 

this distinction to prevent any misunderstandings 

about the application of machine learning in the 

context of this evaluation. Furthermore, several ML 

techniques are especially well-suited for various 

applications. As an illustration, certain models may 

work better for diagnosing diseases using image 

analysis, while other models may work better for 

predicting the spread of diseases. Subsequently, 

comparing the effectiveness of various machine 

learning models using the same AI datasets is crucial. 

Ultimately, by making these kinds of comparisons, 

scholars and professionals can learn about the 

advantages and disadvantages of several models and 

decide which one is best for a certain task. Similarly, 

Bekbolatova et al., [14] and Abraham et al., [28] 

reported that different models can be applied to the 

same dataset in order to evaluate their accuracy, 

performance, and capacity for generalization. This 

procedure can help in determining the most practical 

and efficient solution by enabling a deeper grasp of the 

underlying algorithms and their applicability for 

particular problem domains. Furthermore, contrasting 

several models on the same datasets encourages 

impartial and fair assessments, which advances 

machine learning methods and promotes innovation in 

the industry. 
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IV. APPLICATIONS OF AI IN PUBLIC 

HEALTH 

 

4.1 Analytical Forecasting and Risk Evaluation 

Predictive analytics is being used more and more in 

population health management to pinpoint and direct 

health interventions. Predictive analytics is a branch of 

data analytics that makes extensive use of AI, ML, 

data mining, and modeling. It examines both recent 

and historical data to forecast the future [29; 30]. To 

enhance patient outcomes and save expenses, data is 

analyzed and predictive models are created using 

machine learning algorithms and other technologies. 

Predictive analytics can be useful in identifying 

patients who may acquire chronic illnesses like 

endocrine or heart conditions. Predictive models can 

identify people at increased risk of acquiring certain 

disorders and target interventions to prevent or treat 

them by analyzing data such as medical history, 

demographics, and lifestyle factors [3]. Another 

application of predictive analytics is the prediction of 

hospital readmissions. Predictive models can identify 

patients at higher risk of hospital readmissions and 

focus interventions to prevent readmissions by 

analyzing patient demographics, medical history, and 

social health determinants [31; 32]. This can assist 

lower healthcare costs and improve patient outcomes. 

It is crucial to remember that the technology 

infrastructure and data quality required to create and 

apply predictive models determine how well 

predictive analytics perform in public health 

management. Furthermore, human oversight is 

essential to guarantee the suitability and efficacy of 

therapies for at-risk patients. In conclusion, population 

health is becoming more and more dependent on 

predictive analytics. Healthcare organizations can 

create prediction models that identify at-risk 

individuals for chronic illness or hospital readmission 

by using machine learning algorithms and other 

technologies [29]. By increasing the precision and 

efficacy of predictive models and automating some 

population health management tasks, AI can improve 

health care [30]. To guarantee appropriate and 

successful patient interventions, predictive analytics 

implementation involves sophisticated technology, 

high-quality data, and human oversight. 

 

 

 

4.2 Addressing Health Disparities 

Considering that AI is a continuously emerging field 

that can potentially transform the way health services 

and care are provided [33], AI technologies offer the 

possibility in tackling health inequities, given its 

preexisting utility in healthcare. AI is being utilized to 

enhance precision medicine and improve diagnostic 

accuracy, two of the most important health issues and 

barriers currently in the United States [4; 34]. 

 

In addition, the way the assessment, comprehension, 

and creation of solutions to alleviate inequities by 

utilizing these potent tools to become more thorough 

and efficient can be revolutionized. Conventional 

methods of addressing health disparities frequently 

leave many gaps in capturing the complexity of the 

problem [35]. AI has the potential to reveal hidden 

mechanisms and underlying causes of health 

disparities by searching through massive databases for 

patterns, correlations, or predictive indicators that are 

challenging to find using conventional analysis [36]. 

When compared to traditional approaches, AI offers 

numerous benefits when it comes to addressing health 

disparities. Most importantly, AI can reveal 

associations and correlations that would have been 

missed in human-driven investigations, providing 

fresh perspectives. Therefore, AI may identify new 

linkages that challenge established paradigms by 

analyzing factors such as genetic markers, 

environmental exposures, social determinants, and zip 

codes [37], which can ultimately lead to the 

identification of new research areas and intervention 

opportunities.  

 

4.3 Minimizing Pandemic-related Disparities 

AI-based technology advancements can also increase 

access to healthcare and reduce inequities brought on 

by pandemics. AI-based epidemiological surveillance, 

for instance, can guarantee equal access to vaccines. 

During the COVID-19 epidemic, the World Health 

Organization (WHO), the International Monetary 

Fund (IMF), and other relevant organizations noted 

disparities in vaccination accessibility. Following 

national vaccine release, vaccine-access disparity was 

predominantly driven by unequal vaccine distribution 

and vaccination reluctance, despite being initially a 

production and international supply chain-related 

concern [38; 39].   
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The study by Kwan et al., [40] to provide a method for 

improving public health resource prioritization and 

operationalizing the use of equity measurements as a 

tool in order to further reduce health disparities 

revealed that long-standing and widespread health 

disparities have been encountered by racial/ethnic 

minority groups and socioeconomically disadvantaged 

areas in the United States. The implementation of an 

area-based socioeconomic measure known as the 

California HPI was at the centre of one of California's 

most extensive at-scale equity-focused COVID-19 

response and reopening policies in the United States, 

which was put into place as these inequities were 

brought to light during the epidemic. This strategy 

made it possible to analyze many aspects of COVID-

19-related data via the social determinants of health 

(such as food hunger, social isolation, financial strain, 

housing instability, and interpersonal violence which 

are major contributors to avoidable illness and damage 

and are frequently supported by systemic racism), 

create equity measures that are crucial for tracking 

inequalities in the pandemic response, and make it 

easier to focus public health initiatives and policies. 

Therefore, the study highlighted the need for 

additional research to assess how well the policies are 

being implemented in terms of equality in addition to 

guiding the expansion of comparable strategies for 

public health goals.  

 

Furthermore, Ala et al., [41] investigated the most 

widespread discrepancies in healthcare in the United 

States, United Kingdom and Canada. According to the 

study it was revealed that some ethnic minorities, 

individuals with lower socioeconomic backgrounds 

who live in denser regions, those employed in the 

healthcare industry, and people in other vital 

occupations have disproportionately high rates of 

infection and mortality. A measure was then issued to 

the American Association for the Study of Liver 

Diseases members and the broader community of liver 

disease providers to come up with workable ways to 

increase patient access to care and COVID-19 

vaccination rates, as well as to generally lower 

healthcare disparities and enhance the well-being of 

underprivileged groups in their communities. 

Consequently, efforts towards implementing 

significant policies that enhance impact can be made. 

To further minimize healthcare disparities, prevent 

their exacerbation, and restore more equitable 

societies, healthcare providers must, nevertheless, 

stand up for those who have suffered and continue to 

suffer the most during pandemics.  

 

4.4 Creation of Working Groups, Policies, and 

Structures  

AI is changing the way regulations are made in various 

areas. Guidelines in the healthcare industry typically 

require a significant amount of time to complete, from 

identifying the knowledge gap to publishing and 

distributing the guidelines. In the same field of 

interest, AI can assist in locating recently released data 

based on information from clinical trials and actual 

patient outcomes. This can therefore speed up the 

initial step of information mining. Then, with the 

guidance of scientists and subject-matter experts, AI 

algorithms can examine enormous volumes of data to 

spot patterns and trends that can help develop 

evidence-based guidelines in real time. This facilitates 

a quick exchange of information with clinicians who 

are crucial for overseeing clinical and ethical 

implications [42; 43]. Frameworks for resolving 

issues, particularly for creating, disclosing, and 

verifying AI in medicine have been developed by 

different organizations. These frameworks are more 

focused on teaching the technologists who create AI 

by offering guidelines for promoting transparency in 

the design and reporting of AI algorithms, rather than 

with the therapeutic application of AI [44]. 

Furthermore, AI legislation is still in its early stages. 

The United States Food and Drug Administration [45] 

has published a framework to govern the use of AI and 

ML in software for medical devices and is now 

working on recommendations for critically evaluating 

practical applications of AI in medicine. 

  

V. DEVELOPING A FRAMEWORK FOR AI-

DRIVEN PUBLIC HEALTH 

INFRASTRUCTURE 

 

5.1 Components of an AI-Integrated Public Health 

System  

A framework that successfully uses AI to improve 

public health outcomes must include several crucial 

elements, which are included in an AI-Integrated 

Public Health Infrastructure System. Data 

management and integration, which involves 

combining and harmonizing many health data sources, 

such as social determinants of health and electronic 
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health records, to form an extensive data ecosystem, is 

essential to this system [46; 47]. Another essential 

element is AI-powered analytics and predictive 

modeling, which allow for real-time data analysis to 

spot new health trends, anticipate disease outbreaks, 

and allocate resources as efficiently as possible [48; 

49]. In order for AI systems to easily interact with the 

current public health infrastructure such as emergency 

response platforms, labs, and health information 

systems, interoperability is essential [50]. Ethics and 

governance frameworks addressing data privacy, 

security, and fairness must also be incorporated into 

the system to guarantee that AI applications respect 

public health principles and do not worsen health 

inequities. Furthermore, training and workforce 

development are essential for giving public health 

professionals the technicality to use AI tools 

efficiently and for promoting interdisciplinary 

collaboration [51]. Generally, tools for ongoing 

monitoring and assessment are critical to evaluating 

AI system performance, pinpointing areas in need of 

development, and guaranteeing the efficacy and equity 

of AI-driven public health initiatives. These elements 

work together to create a framework for AI-driven 

public health infrastructure that is positioned to 

address the population's changing health demands 

[52]. 

 

5.2 Recommendations and Strategies  

When applied to health inequities, AI will pose new 

challenges, though, its potential is enormous. AI and 

human innovation together provide a new path 

towards an impartial healthcare system. However, to 

fully utilize the tools, it is important to clarify data 

standards, improve algorithms, and promote an 

inclusive environment.   

 

Transparency of Ethical Algorithm Design 

Strict ethical standards and frameworks must be 

established in order to create AI algorithms. 

Transparency, justice, and accountability must be 

given top priority along the entire AI development and 

deployment process [53; 54]. However, there is a need 

for AI algorithms used in healthcare to be less biased 

and discriminatory. 

 

Inclusive Data Collection and Utilization 

In order to effectively represent marginalized 

communities and a range of socioeconomic 

backgrounds, researchers must ensure the creation and 

use of more extensive, diverse, and inclusive datasets 

[55; 56]. With the need for collaboration among AI 

developers, community organizations, and healthcare 

facilities across a more diverse perspective.  

 

Establishing Ethical Principles  

Clear ethical guidelines that are relevant to AI 

applications in healthcare must be developed and put 

into practice. To prevent escalating inequalities, these 

criteria ought to prioritize eliminating biases in AI-

driven models, guaranteeing transparency, and 

supervising the development and application of AI 

algorithms [57; 58].  

 

Diverse Participation in the Development of AI  

More diversity in AI research and development should 

be supported and encouraged. In order to ensure a 

more comprehensive perspective in the development 

of algorithms, inclusive representation from a variety 

of stakeholders including legislators, healthcare 

professionals, ethicists, and community 

representatives will help detect biases and inequities 

[59].  

VI.  

CONCLUSION 

 

A major possibility for tackling some of the most 

important public health issues is the incorporation of 

AI into public health infrastructure. The many ways in 

which AI can transform public health have been 

examined in this review, ranging from improving 

disease surveillance and predictive analytics to 

streamlining resource allocation and customizing 

public health interventions. AI-driven solutions have 

the potential to significantly enhance population 

health outcomes by increasing the efficiency, 

proactivity, and equity of public health systems. 

 

Considering that the effective application of AI in 

public health is not without challenges, when 

developing AI, ethical issues such as guaranteeing 

responsibility, openness, and fairness must come first. 

Legal and regulatory frameworks must change to 

handle concerns about security, privacy, and potential 

bias in AI systems. Hence, to fully benefit from the 

effects of AI, technological obstacles such as the need 

for a competent workforce and interoperability with 

current systems must be addressed. New avenues for 
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innovation in public health are presented by emerging 

AI technologies like natural language processing and 

advanced ML models. It is therefore critical that 

legislators, healthcare administrators, and technology 

developers stay up to date on the newest developments 

in this field of study and work together to design AI 

systems that are ethically compliant and efficient. 
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