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Artificial Intelligence (AI) within healthcare is rapidly evolving, im-
proving drug development, early diagnoses of diseases, data automation,
medical chatbots, and more. The implementation of Al has revealed nov-
el biomarkers, increased database, and refined research in medical work.
These Almodels, which register vastamounts of personal data, must stick to
strong regulations and accountability while ensuring patient transparency.

Al, along with Machine Learning (ML), and Deep Learning (DL),
has decreased the workload of healthcare providers by automating
administrative work and analyzing large datasets and images within
research. Al is the simulation of human intelligence, whereas ML in-
gests large data points and analyses its algorithms. DL processes in-
puts through artificial neural networks allowing for image pixelation
which aids diagnosis and treatment. This article reviews current ap-
proaches, strengths, limitations, and future scopes of Al in healthcare.

AI Application in Healthcare

Al has achieved great success in healthcare. Robot-assisted surgery
has become less invasive, while reducing error and hospital stay. In anes-
thesiology, a study showed 4.2% greater accuracy using a ML method an-
alyzing electroencephalography signals. The University of Iowa has start-
ed using an FDA approved Al device, with the specificity of 89.5%, that
classifies patients by their retinopathy level. With radiological images and
neural networks, dental examinations show finer precision and time-effi-
ciency. Image pixelation is widely used in cancer research and treatment
as Al provides direct feedback and disease progression. Al has engineered
small-molecules features that are used in broad physiological and biophys-
ical research methods. A 2019 study made an Al model that could pre-
dict the correct sarcoma subtype (cancer) with an accuracy of over 95%.
The widespread implementation of Al has improved many aspects of the
healthcare system, revealing more potential possibilities for Alin the future.

Advantage of Al

Al's ability to optimize resources has been a crucial benefit for
healthcare providers. Well-implemented Al sources are time and cost ef-
ficient due to the clinical burden that alleviates off administrative provid-
ers. Diagnostic accuracy and predictive analysis aid treatment and reduce
treatment costs. Stanford Medicine made algorithm CheXNeXt, which
scans for 14 different diseases allowing providers to focus on other tasks.

Algorithms can predict disease with high precision in identi-
fying borders and relationships in data. Through DL models, imag-
es can be processed with pixelation. Pixelation changes each bit of an
image to a color gradient and labels it based on the tone of the bit, en-
abling comparison between healthy and unhealthy patient pictures.

Al's ability to make better and earlier predictions has made it a
valuable tool in clinical decision-making. Virtual assistance helps health-
care providers understand language and semantics and can be used as
guidance in decision making. Having Al technologies to administer data
or take vitals can speed the miscellaneous tasks of healthcare providers.

Challenges of Al

Despite the many opportunities with Al, some risks and limitations
have emerged. Healthcare data contains sensitive patient information, so
it must be stored and regulated confidentially. Data security and priva-
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cy must comply with FDA and HIPPA regulations to be protected from
data breaches, misuse of data, and unauthorized access. Hospitals are
using sepsis devices that are not regulated by the FDA, posing a threat
on patient privacy due to the minimal algorithmic and data transparency.

ML algorithms can sustain biases introduced in training
data, which can lead to unfair outcomes with certain individuals. These
datasets reflect bias of collectors. In 2022, a gap existed between in-
dividuals with different skin tones in a ML cancer algorithm. The
algorithm performed better accuracy for those with light skin com-
pared to those with dark skin. Biases also occur within gender-relat-
ed data, hindering support needed for gender-specific procedures.

High quality and sufficient data are needed in the training of
a ML model. Data that lacks in volume, diversity, and annotations result
in meager generalized outcomes. The foundation of ML development
lays in complete, accurate, and bias-free datasets available for clinicians
and developers, yet few of these datasets exist and are accessible. Good
quality volume data will prevent overfitting and improve ML mod-
els. However, ML models work best on their own data because they are
fine-tuned to the specific features, distribution, and context of that data.
When exposed to different datasets, these models often fail to generalize
well due to variations in data structure, distribution, and other factors.

Future Directions of Al

Al aids research but can compromise patient privacy. There-
fore, for Al to remain within healthcare, strict regulations must be im-
plemented and used. Patients need to consent to the use of Al, with
healthcare providers offering transparency and accountability along
with a thorough risk assessment to ensure patient well-being. To pre-
vent discriminatory outcomes, we must reduce bias and include diverse
testing data. Encouraging healthcare providers to collect data together
and work towards similar datasets to make AI more generalizable and
applicable within different providers allows for Al models to be reused
in different settings. Whether data privacy is a priority or cost-efficien-
cy is not clear within the world of Al, yet. Whichever it is, without ac-
cess to the healthcare system in an affordable way, most individuals will
not be able to experience these products as they are not widespread yet.
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