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Abstract

Unprecedented scientific and technological advancements are revolutionizing medicine and healthcare,
yielding tremendous improvements in healthcare quality, well-being, and longevity. Digital health technologies
are central to this transformative development; they are set to revolutionize all aspects of healthcare,
healthcare delivery, and health management. For example, generative artificial intelligence (Al) has already
demonstrated unprecedented, transformative impact on healthcare and patient outcomes. In recent years,
generative Al and advanced predictive models have astonishingly innovated patients’ therapeutic courses,
diagnostic journeys, and care provisioning modalities, fundamentally and inapprehensible altering their
patient experiences. Prudent and ethical uses of such transformative generative Al and advanced predictive
models will therefore be crucial for ensuring not only their utility and safety, but more importantly the quality
and sustainability of these transformative patient experiences. Broadly tailored health solutions and services
motivated by the profit-driven healthcare models are likely not conducive to long-term patient outcomes and
well-being. Adaptive healthcare solutions catering to specific, individual, and personalized patient, potentially
beyond biomedicine, will be pivotal in ensuring patient health and sustainability. A well-informed, empowering
patient will be a crucial is appearing for ensuring that these widely transformative technologies will be used
for the patient centricity. There is an urgent need to increase awareness and understanding of patients, patient
communities, and healthcare providers of such transformative Al tools. In this regard, generative Al, with their
unique capabilities of generating multi-modal and multi-disciplinary outputs, can play a transformative role in
the trustworthy, intelligible summarization of the vast and exponentially growing body of pivotal emergent
evidence accumulated in this field. ITERATIVE, EVIDENCE-DRIVEN AI-HUMAN GUIDED SYNTHESIS LOOPS.
The generative Al can align the automatically generated summaries with the guidance and assistance from
healthcare professionals, ensuring that all necessary caveats, considerations and potential conflicts with the
emerging evidence are adequately considered and communicated to end-users. The informal treatment and
consideration of the summarization output derived from the generative Al by professional healthcare
providers will enable the generative Al to better understand the underlying queries, requirements, and
expectations and by effecting concinnity, develop more efficaciously and pertinently tailored summarization

output.

Keywords: Generative Al, Predictive Models, Personalized Medicine, Patient-Centered Care In modern
healthcare systems, Generative Al in Healthcare, Personalized Medicine, Advanced Predictive Models, Patient-
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1. Introduction
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One of the most exciting paths for digital technologies to
revolutionize medicine is the adoption of personalized
treatments guided by robust predictive models derived
from vast amounts of data, which are increasingly
prevalent in routine care and self-monitoring sessions.
Personalized treatments predicated on these models, such
as gene and cell therapies, pharmacogenetics, and
diseased tissue detection and diagnostics, can greatly
enhance the healthcare system and patient well-being by
deploying custom interventions for a given individual. Al,
one of the accelerators behind these engineering
solutions, is actively investigating the means by which
such transformative capabilities can be realized with
tremendous benefits. From the plethora of technologies
emerging from these investigations, parallel efforts
culminate in the design of a platform where these custom
treatments can be predicted for an individual scope. This
kind of platform, along with informative visualizations,
will enable a discussion on healthcare choices between
patient and professionals.
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Fig 1: Revolutionizing personalized medicine
with generative Al
1.1. Background and Significance Despite
the outstanding developments and accomplishments that
can be noted today, the need for more personalized
medicine is becoming increasingly important. Generative
Al is probably the most influential development in
artificial intelligence in recent years and now it is
revolutionizing the healthcare industry with quicker and
more efficient innovation. The use of advanced big data
analytics tools and machine-learning techniques for
patient’s treatment is still in its infancy but holds great
potential. Currently, most of the prospects are related to
support better data collection and sharing now that a
great amount of data can easily be generated and made
available to clinicians, and the impressive prognosis
capacity of new data sets and diseases and drug
responses, and its ability of identifying novel and
important disease subtypes. Despite the algorithms not
being within the reach of everyone, the almost exclusive
use of this technology or its lack might lead to
marginalization of healthcare players, since it affects the
investment in these solutions.
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There is considerable potential in the use of generative Al
and investing in the implementation of predictive models
and tools already available. The use of existing tools to
tailor personalized solutions can leverage a more effective
and patient-centered care. Advanced models for
actionable insights drawn from clinical and wearables
data are at the forefront of fostering greater patient
engagement and better outcomes. In light of the many
innovations within healthcare, the value delivered to
patients and clinicians must now remain at the forefront
of all considerations. The rejection of other disruptive
innovations has shown that, despite the many
complexities to be navigated in the coming years,
technologies, services, and systems will only truly
transform healthcare and augment daily practice if they
are adequately aware of the insights and experiences of
their target end-users.

Equ 1: Data Utilization (DU)

DU=v-D+vy-M+v3-P
Where:
¢ D is patient data richness,
¢ 1M is model sophistication,

e P isreal-time patient monitoring (e.g., wearable sensors).

2. Fundamentals of Generative Al and
Advanced Predictive Models

The nuts and bolts of how generative Al generates or
predicts new data points remain elusive. This is not
entirely by accident. The American artist Luther Price
once quipped that the role of the artist was to find
interesting questions and that the answers were none of
his business. Similarly, in the food industry, along with the
various skill sets invested into making your new favorite
soda, extra effort goes into focusing the product’s ambient
advertising narrative. It is a strong case to corporate
partners that close examination of the beverage’s formula
itself is an altogether less rewarding avenue of curiosity.
The technology behind generative Al and its medical
applications is interesting, and at no point should its
creative potential be underplayed, but in this space,
current capabilities will be demystified. It is the intention
that once readers are more aware of the tools -
fundamentals underlying model development, they may
also have a clearer line to pursue creative avenues of
application on their own or in consultation.

479



Predictive models generate an outcome based on the
input data. They can be complex black box type models,
neural network, Catboost, etc., or simpler, white box
models, logistic regression, K-means, etc. At the most
basic level, they all operate by assigning each new patient
a risk score. In healthcare, this usually takes the form of
“patient X has a Y% chance of outcome Z within T years.”
There are two categories of predictive models: supervised
and unsupervised. Instructions for developing and
deploying both are given. In practical terms, outputs are
typically supplied by commercially available black-box
models, but the fundamentals will be explained.
Supervised models - such as Cox proportional hazards
regression and recurrent neural networks - develop
predictions based on the initial conditions of patients
along with recurring data via a training process.
Unsupervised models derive insights about patient
groups and differential rates of outcomes through
clustering algorithms. These groupings are then used as
the input data for supervised models. Once trained, the
inputs for supervised models are fed as structured data,
patient by patient, returning insights as output.

2.1. Overview of Generative Al Generative
Al also known as Generative Artificial Intelligence, is a
powerful class of Al models that can produce new data
that appears similar or compatible with the data the Al
model learned from. Evidenced by transformative
advancements in diagnostics, genomics, and mental
health, generative Al is poised to improve patient-
centered care by enhancing clinical decision-making,
increasing patient engagement,
underserved communities through more personalized
care. Developed from neural networks containing millions
to billions of parameters, these models are versatile and
can generate or synthesize text or images for a myriad of
applications. This includes creative writing and article
summarization, text completion, generating new and
diverse images from short captions, and even drug
discovery. Generative Al can now automate seismic data
denoising, pollen prediction, and land cover mapping.
Therefore, it can support the exploration and
understanding of unseen patient conditions or uncover
the unmet patient needs crucial for achieving patient-
centered care. Furthermore, to protect patient privacy,
generative Al is instrumental for creating de-identified,
de-correlated synthetic data that can be safely used in
broad analysis and application development.

and prioritizing

Generative models are a class of machine learning models
that can generate new data following a similar
distribution as the original input. In contrast to traditional
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machine learning which provides insights or analyzes
data, generative Al generates or synthesizes previously
unseen content. Developed as generative adversarial
networks (GANs), variational autoencoders (VAEs), large
language models (LLMs), and 3D models, such as diffusion
models (DiMs) with dynamic sampling, these models are
trained with a contrastive loss, contain encoded object-
based and motion-based information, and perform a large
language model pre-training. In practice, healthcare
researchers can use this more efficient framework to
develop models by first demonstrating evidence of strong
performance in a pre-training task, and then fine-tune (or
train from scratch) the model. Transformative patient-
centered care and healthcare applications of generative Al
are showcased by summarizing peer-reviewed
publications, work experiences, or personal interests. The
article aims to inspire researchers and medical
professionals with a better understanding and creation of
innovative solutions to the earliest evolution of generative
Al and large language models. Reflect on the use of
generative Al and provide actionable steps, in theory, and
in practice.
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Fig 2: Enterprises Can Deploy Generative Al in
Healthcare

2.2. Types of Advanced Predictive Models
Healthcare providers worldwide are increasingly utilizing
artificial intelligence (AI) and predictive analytics to
optimize operational efficiency and enhance patient care
pathways. A comprehensive narrative review elaborates
on the current and potential impacts of Al predictive
analytics within the healthcare domain, focusing on
trends in application areas, methodological approaches,
ethical considerations, and the broader use of Al
utilization by stakeholders across the sector. An extensive
search was performed on the PubMed, IEEE, and Scopus
databases, yielding 263 suitable studies. The majority
were peer-reviewed journal articles that were published
between 2007 and 2022. Additionally, conference papers,
book chapters, reviews, and technical reports were
included to create a unified understanding that extends
across various research formats. Findings support
ongoing efforts to leverage Al and predictive analytics
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within the healthcare setting with the goal of ensuring
better patient-centric care while promoting personal
safety, healthcare accessibility, and administrative
effectiveness.

Due to the immense financial and human resources that
the global healthcare system requires, many providers
have started using various Al and predictive analytics to
optimize both resource allocation and the pathway of
care, enabling the provision of more personalized
individual services. Among the medical field, the
development of such models is associated with
improvements in forecasting patient outcomes and
enabling realistic approaches in treatment that
significantly enhance the standard clinical care regime.
The various aspects of predictive modeling and the
principles behind applying it efficiently in clinical practice
are examined in the ideal that there is much to gain from
exploring effective approaches not only for the academic
and industrial standpoint in the need for the enhancement
of patient-centered care. The inability of traditional
methods to produce precise predictions for the care of
each patient complex is an excellent distinction between
the urgent necessity for new technologies and healthcare
providers to have the ability to manage such systems
expeditiously.

3. Applications of Generative Al and
Predictive Models in Healthcare

One of the most promising Al subfields is generative Al,
which can model both structured and unstructured data,
and perform reasoning over that data as needed. Genetic
data-which consists of both genotypic and phenotypic
measurements of patients-may be used in this data-driven
framework as an input to the developed models. Patient
data in healthcare is a key to the practice of personalized
medicine and improved patient-centered care. It includes
a mix of structured data such as demographics,
comorbidities, and vital signs as well as unstructured data
such as lab tests and radiology scans. Together, this may
enable designing better developed models to power
predictive processes in personalized medicine that are
critical to patient-centered care.

Generative Al has been applied to a number of questions
to revolutionize the healthcare industry through the
development of predictive models and systems that can
make reasoning and self-improve upon observations of
clinical data. Diverse examples from an overview of
different applications in healthcare will showcase how
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generative Al has led to the drug discovery process,
helped diabetic retinopathy detection from fundus
photographs, resulting in the first FDA-approved Al
diagnostic system, diagnosed the coronavirus two-weeks
before the WHO-declaration, and drafted the early
detection of sepsis from clinical notes that are humanly
unrecognizable. framework, the
aforementioned context, and discussions with a practicing
oncologist about the shortage of tools for the
interpretation of genetic data in clinical practice. A
generative model was developed capable of efficiently
reasoning over genetic data consisting of both genotypic
and phenotypic patient-specific measurements, offering
the most critical considerations to a specific medical
diagnosis tailored to the individual patient.
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Fig 3: Applications of Generative Al

3.1. Personalized Medicine Although
personalized medicine can be targeted against a single
disease, an opportunity for a revolution in personalized
medicine exists for multimorbid patients. These
innovations can involve computer-aided modeling of
patients and their disease course, diverse non-intuitive
treatment strategy suggestions to physicians at each
patient encounter, and splits of such decisions among
multiple healthcare providers. In this section, the focus is
on generative Al and advanced predictive models specific
to personalized medicine.

Personalized medicine is the optimal tailoring of patient
treatment strategies, at the right time, targeting the
specific medical characteristics, and history of the patient.
This can be revolutionary in the sense that even as disease
profiles and courses can vary between patients, the
effectiveness of various treatments can also vary under
numerous scenarios and with the interactions with other
drugs or substances. Moreover, the post-treatment
disease progression for any particular patient will depend
on a myriad of constant and time-varying latent
components, which are typically non-intuitive or non-
deterministic even to medical experts and can evolve in
relatively complex ways. The expectation exists for
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personalized medicine to not only target the individual
diseases as defined by medical conditions but also
consider the patient’s genomics and other factors, with an
eye to optimize patient health and explain away persistent
bad outcomes.

It is anticipated that as technology adoption rates
continue to increase, a larger focus will be placed on
personalized medicine approaches to enhance patient-
centered care. Currently, healthcare systems are largely
reactive, often only addressing illnesses or chronic
conditions after symptoms have emerged. By leveraging
Al and ML, accurate disease profiles can be developed
enabling medical professionals to take a highly proactive
stance in treatment options. The ambition is to explore
personalized event sequences adverse to patient health to
generate artificial patients capable of modeling and
capturing potential disease course actions.

3.2. Patient-Centered Care Artificial
intelligence (AI) development, especially the progress in
machine learning algorithms, has realigned a variety of
applications in healthcare, thus contributing to a
reengineered health ecosystem paradigm. The rapid
change of health economies toward a transformed care
scenario, connectivity with Al and robotics and internet-
of-things (IoT), and the results of a review study including
applications and prospects in an emerging health
ecosystem are highlighted. Personalized medicine and
patient-centered care are key trends in transformed
health scenarios. Caregivers strive for a holistic view
where health services are more concordant with
individual patient needs and preferences, taking care to
address the biological, psychological, and social aspects of
diseases. The advances of generative Al in creating new
drugs and the personalization of healthcare suggest that
novel applications may also arise to support the
development of tailored health solutions focused on the
patients rather than the disease.

There are innovative options to Artificial Intelligence
combined with robotics, addressing, for example, robot
biomimicry, social robots, and robot companions. These
technologies deployed in a transformative health
ecosystem  provide
engagement with patients so that care providers could
focus on increased complex or high-attention-rated tasks,
such as surgery, and tele-robotics can extend the reach of
services to otherwise disengaged territories. Patient-
health worker communication can benefit from deployed
Allarge-transformer models to support or even anticipate
the caregiver’s response, ensuring a more digitally

mechanisms for  sustained
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enabled and consistent interaction. As Al has the potential
to solve complex systems by identifying known patterns
and by creating new hypotheses, its adoption can also
become key to support stakeholders in understanding and
discovering the underlying patient-related conditions that
are helpful to improve the concordance and engagement
of health-associated services.

Equ 2: Personalized Treatment Prediction Model

T, = f(X;,M,H, A)

Where:
o Tji= predicted treatment plan for patient ¢
s X, = clinical features of patient ¢ (e.g., age, sex, medical history)
* DM = model parameters (e.g., weights of the predictive model)
¢ H = health data inputs (e.g,, genomics, biomarkers, etc.)

e A = external factors such as socioeconomic status, lifestyle, etc.

4. Challenges and Ethical Considerations

Artificial intelligence (AI) technologies have rapidly
emerged in clinical decision support systems (CDSSs)
since the widespread digitization of patient data. Recent
advances in generative Al have profound implications for
CDSSs, ranging from improving patient outcomes to
reducing burden on health systems and preventing
physician burnout. However, concerns arise regarding the
compliance with data privacy and security standards and
the implications for patient safety and care quality. There
is a need to understand the ethical implications of
adopting generative Al in CDSSs to address current gaps
in the literature. Six challenges manifested in the
deployment of generative Al in CDSSs are identified: 1)
bias, privacy, and transparency in NLP tasks, 2) patient
safety and malpractice responsibility, 3) implementing
regulatory frameworks, 4) mitigating unforeseen
consequences, 5) the need for a cross-discipline and
multipurpose healthcare, and 6) deep learning model
systems. Ethical guidelines to inform the responsible
research and deployment of generative Al are drawn from
the considerations and existing frameworks presented in
the literature.

Patient-centered care (PCC) landscapes globally promote
consumer involvement in decision making about their
own health and care. This shift is visible in patient support
programs that offer customized treatment plans based on
individual needs, goals, and challenges. Predictive models
use machine learning to predict probabilities and
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optimized marketing strategies. Insights are drawn from
a portable health-care service program that distinguishes
economic, lifestyle, and emotional states. The distribution
of demographic groups qualitatively reflects the market’s
economic status, work-life balance, and emotional health.
Recommendations are offered for each group, keeping in
mind the time-varying sequence of states. Moreover,
differences  between  groups
corresponding to states were investigated to customize

similarities and

marketing strategies to improve satisfaction and user
engagement.

Security and
privacy risks

Challenges
Intellectual property Integration with
and copyright existing systems
concerns and processes

Fig 4: Generative Al Integration Challenges |

4.1. Data Privacy and Security As
healthcare technologies become increasingly digitized,
utilizing vast amounts of medical and personal resources,
patient data security cannot be overstated. Patient data on
an individual and aggregate basis is often highly sensitive,
encompassing mental health status, medical history,
medication regimens, diagnoses and prognoses, and very
personal questions such as sexual health. There is
therefore a widespread public concern about large Al
companies accessing intimate, as well as demographic and
biometric patient data. Misuse and unauthorized access to
patient data are significant societal risks in any model of
healthcare driven by Al The optimization of healthcare
outcomes may begin to negatively affect individual
privacy in LAMs. As Al healthcare markets evolve, there
may be increasing pressure to deprioritize data privacy in
order to take advantage of some developing Al-models. A
key concern that this evolving marketplace raises is that
patient-facing healthcare organizations, in partnership
with private Al developers, could submerge patient
information confidentiality without adequate education
of patients, thereby dismissing trust in healthcare system
improvements. The latter is determinant, as it has been
suggested that large Al companies do not have horizontal
concerns about patient outcomes and cannot be properly
accountable for healthcare-related Al. Despite the
heightened public interest in patient data security,
individual patients do not receive adequate information
concerning patient data usage in healthcare. This is
foundational to the educated and considered action of
patients consenting to the sharing of their data. Notably, a
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UK survey from 2020 suggested that whilst much of the
public is in favor of public subject data utilized to improve
patient healthcare, the general landscape of public
awareness and understanding is very flimsy.

4.2. Bias and Fairness in Al The use
of artificial intelligence (Al) in the healthcare sector has
grown rapidly in recent years. The power of Al algorithms
lies in their ability to tackle complex sets of data and
identify patterns for improved decision-making. Al
systems can be used autonomously to assist healthcare
professionals in clinical decision-making activities such as
in predicting patient admissions and outcomes. In the
context of using such Al systems in clinical settings, it is
crucial that the predictions of these models neither
reinforce nor exacerbate biases. Many recent reviews and
articles have provided methodologies to report
breakdowns in the performance of a model across
different protected attributes. The use of Al in healthcare
can meaningfully improve patient outcomes and
workflow—more so, however, if developed in a fair
manner and without unnecessary bias. The World Health
Organization has called for Al algorithms to be fair, safe,
and inclusive, claiming that the utilised Al algorithms
should be equally efficacious in all patient populations.

However, validated Al algorithms tested on sufficiently
representative datasets are often used in a proprietary
manner that prevents independent testing. This lack of
transparency and comparability hamper the identification
of biases and fairness concerns in Al models. Algorithmic
bias typically arises due to training data that does not fully
capture all relevant factors, resulting in discriminatory
patterns. Predictive algorithms can unintentionally
exacerbate  existing  disparities  with
consequences. Prioritizing fairness in Al technologies is
an ethical duty to prevent exacerbating pre-existing
healthcare disparities. A framework is described for the
evaluation of clinical prediction models, prioritising
consensus-building to ensure that models are valid, well-
documented, transparent, and just.

harmful

Equ 3: Patient Outcome Prediction via Advanced
Predictive Models
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0; = g(X;, H;, T;,0)

s (J; = predicted outcome for patient Z

; = input features such as demographic information

X
s H; = health features (clinical data, genomic data)
e T; = treatment applied to patient 4

s = model hyperparameters or coefficients

5. Future Directions and Conclusion

Advancements in deep learning have led to the rapid
development and widespread usage of generative
artificial intelligence (AI) models across industries.
Generative Al has multifaceted applications in the
healthcare sector, particularly in terms of drug discovery
and mental health intervention, and is combined with Al
predictive models to selectively examine its impacts on
the future of personalized medicine and patient-centered
care. Given societal advances in adopting generative Al
technology, compounded by a trend of leveraging Al
models to predict diverse aspects of health, the
overarching inquiry is explored at a burgeoning stage and
aims to provoke further considerations in how healthcare
professionals, policymakers, and Al developers can
collaborate to better adapt to emerging challenges in
integrating these technologies into medical practice. Amid
growing scholarly attention to Al in healthcare, this work
makes a unique intervention in focusing on Als
generative applications while addressing evolving
concerns around interdisciplinary collaboration, ethical
considerations, and practical challenges in the medical
adoption of Al To this end, this analysis delves deeper into
the underlying mechanisms of generative Al and
predictive modeling algorithms, considers the macro- and
micro-level implications of integrating these technologies
into clinical practice, and makes recommendations for
resolving unforeseen concerns.
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Fig 5: The Future of Machine Learning Trends
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5.1. Future Trends In
healthcare, as with other fields, Al plays a crucial role in
shaping future outcomes. From sizing up the threat level
of a cold to predicting the spread of a disease outbreak, Al
is changing the face of healthcare. In the modern
healthcare space, advances in healthcare and Artificial
Intelligence technologies have made significant strides.
While conservative therapeutic approaches have instilled
critical treatments, advancements in Al technology have
led healthcare professionals to unconventional strategies
with alternative treatment approaches. The consequential
alliance of Al with healthcare advances means innovation
in processes including administrational, diagnostic, and
beyond. This constitutes robust healthcare outputs
treating the patient as a whole, never dealt before. The
current landscape of healthcare is advancing as a
convergence space of Al and has engendered a variety of
outcomes, including methodologies for surgical robotics,
computer-aided  diagnostic tools for oncology,
radiological evaluation innovation, and the utilization of
machine learning techniques to project a plethora of
medical scenarios.

One positive result of this convergence will be the
enhanced healthcare experience. The accurate prediction
of unpredictable issues, the offering of better and faster
access to treatment, patient-centered care shaped by the
data of the patient and, last but not least, the mutual
training of healthcare experts by Al technologies,
upgraded by the day, are all part of this enhanced
experience. In the coming years, both patient data and Al
capabilities  will allow more patient-centered,
personalized healthcare to be given compared to the
existing patient approach. Real-time data analytics in
smartphones and wearable devices will shape a new
approach to personal care and health-monitoring, while
patient-machine interaction will shift with advances in Al,
achieving a more engaging, more effective patient-
machine interaction experience. On the one hand,
adaptive algorithms of the kind that adapt to data
fluctuations and alter model behaviour will begin to
dominate among healthcare providers. As a result, based
on the most up-to-date data input points, models in
healthcare will start to offer predictions and proposals in
real-time. On the other hand, the completion of the legal
infrastructure will need to occur in terms of the free use
of Al in health services, the development of new models
and technologies, the use of medical/applied biological
data in self-designed applications, including the sharing of
patient records and reports.
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