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ABSTRACT

Artificial Intelligence (AI) has seen tremendous progress over the years. This growth in AI technology has

significantly impacted almost every industry. One of the major beneficiaries of this rapid expansion in Al

knowledge is the healthcare industry. This review presents a structured and evolutionary compilation of Al

applications in the healthcare domain, tracing three major eras of Al: traditional machine learning models,

deep learning models and foundational and multimodal models. This review focuses on representative

empirical studies that introduced paradigm shifts in modeling, validation, and deployment. We analyze

key application domains including diagnostics, patient management, operational efficiency, and biomedical

discovery, while critically examining methodological limitations across eras.
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1. INTRODUCTION

Al is the biggest technical revolution since the
industrial revolution and onset of information
technology. Most of the industries have em-
braced this new technology from transportation
to information technology. Even though the
healthcare industry is very heavily regulated,
the use of AI in this field has seen a huge
leap of about 4000 percent from 2015 to 2023
(Stanford HAI, 2025). This paper summarizes the
advancement of the Al hierarchy from classical
machine learning model to advanced models.
Each level added a better outcome in precision in
predicting and detecting diseases (Liu et al., 2013;
Polat et al., 2007; Q. Zou et al., 2018), surgical
operations’ success rates (Fagerstrom et al., 2019;
Nemati et al., 2018). As the capturing of better
datasets (Cameron et al., 2012; Shen et al., 2025)

has improved the efficacy of modern tools used
in healthcare, Al models have also seen a great
improvement in their performance. Primitive
Al models focused on predictions of diseases
(Liu et al., 2013; Polat et al., 2007; Q. Zou et
al., 2018), and better management of hospital
admissions (Futoma et al., 2015) among other
uses. As Al models became more sophisticated,
the data storage in the healthcare industry also
became more structured. This gave rise to the
implementation of newer Al models that could
be trained on the handwritten clinical notes as
well images (Moor et al., 2023; Yang et al., 2022).
This has brought a shift in approach to early
detection of terminal diseases (Liang et al., 2010;
Liu et al,, 2013; Polat et al., 2007; Rajpurkar et
al.,, 2017) as well as lifestyle problems (Gulshan
et al, 2016; Q. Zou et al., 2018). As the Al
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architecture became computationally intensive,
the paradigm also shifted from simple outcome
prediction to knowledge generation (Jin et al.,
2020; Jumper et al., 2021; Lin et al., 2023). As
the AI models become more sophisticated in
generating contextual text, they have further
democratized health literacy. These new age
models help patients understand the complex
medical terminologies and better understand the
disease and its symptoms (Alsentzer et al., 2019;
Moor et al., 2023; Yang et al., 2022). For doctors,
they help centralize access to emerging research.

With rapid progress in Al, the literature
seems fragmented, often organized by specific
seminars or tasks rather than comprehensive
compilation of methodological evolution. This
review paper aims to bridge this gap by providing
chronological and conceptual application of Al
in healthcare.

The format of the review paper follows this
pattern: Section 2 explores related studies that
are done to understand the advancements of
Al Section 3 describes the selection criteria
for literature which is included in this paper.
Section 4 talks about traditional machine learning
models and provides a review of their use in
the healthcare industry. Section 5 discusses
early deep learning models and how these are
implemented in accordance with the healthcare
industry. Section 6 moves to the current stage of
technology and its application in the healthcare
industry. Section 7 sheds light on the emerging
trends and technology in the AI landscape.
Section 8 talks about the challenges in adoption of
Al technology and section 9 concludes the paper.

2. RELATED WORK

Many studies have been published that have
shown the advancements of Al in healthcare.
Kitsios et al. (2023) conducted a review study
on the recent breakthroughs in Al in healthcare.
In this study, Kitsios et al. (2023) did a systematic

literature review where they classify the existing

These
aspects include the use of Al in healthcare,
the benefits and drawbacks for the healthcare

industry, ethical concerns around Al, and social

literature into four broad dimensions.

sustainability with Al The literature that con-
centrates on the application of Al technology to
assist clinics, patients, and medical professionals
makes up the dimension of healthcare activity
utilizing AL The positive and negative effects of
Al technology on the healthcare sector are the
subject of the second dimension of benefits and
drawbacks for the sector. Early diagnosis is one
of the many benefits that Al offers to people (Liu
et al.,, 2013; Rajpurkar et al., 2017), as well as
patient monitoring (Futoma et al., 2015; Nemati
et al., 2018) and drug discovery (Jin et al., 2020;
Jumper et al., 2021; Lin et al., 2023).

If the data gathered from hospitals and clinics
is of poor quality, most Al applications in
healthcare could have serious detrimental effects
(Goldberg et al., 2010; Hasan et al., 2017; Ling
et al., 2013). The third dimension comprises
literature about the increasing discussions on
ethics of Al in healthcare research (Floridi et
al., 2018). Kitsios et al. (2023) in their literature
review, categorized social sustainability and Al as
the fourth dimension. When using Al technology,
one should consider its impact on society and
the planet (Kitsios et al., 2023). While Kitsios
et al. (2023) discuss the advancement of Al in
healthcare, they do not organize Al technology

according to its evolutionary progression.

Kalra et al. (2024) in their study, categorized
Al advancement based on diagnostic techniques.
Their study focuses on the three divisions of
diagnostic methods: medical imaging diagnostic,
clinical workflow in digital pathology, and
predictive diagnostic techniques. These divisions
take into consideration image segmentation and
classification under medical imaging diagnostic,
automated analysis of cytology in clinical work-
flow in digital pathology and predictive analytics

offers a valuable technique for physicians by
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2. Early Deep Learning:
Mid-2010s

3. Foundation &
Multimodal: Late 2010s -
Early 2020s

Models: Agentic Al,
Explainable Al

4. Emerging Technology:
Mid-2020s & Beyond

Models: Transformers,
LLMs, GNNs

1. Traditional ML Fra: Pre-
2010s

Models: CNN, RNN, LSTM

Models: SVMs, Decision
| Trees, PCA, Logistic
Regression, Random
Forest

Figure 1: Visual representation of the four categories.

identifying critical complication patterns. A
categorical comprehension based on diagnostic
techniques make this study important in order
to understand how Al has helped develop better
diagnostic practices. However, this paper fails
to address the current stage of Al development.
This study does not track evolution of better
Al technologies and their applications in the
healthcare industry.

Recent studies involving agentic Al have
shown that agentic Als are very good at external
knowledge gathering and answering medical
questions (Vatsal et al., 2026). This will signifi-
cantly relieve the medical practitioners’ workload
related to management and give them ample
time to interact and educate the patients even
more (J. Zou & Topol, 2025). Neupane et al.
(2025) in their review paper show that agentic
Al can be trained to be HIPAA compliant. These
agentic Al models are sensitive while handling
protected health information. This shows that
regulatory compliance through dynamic context-
aware policy can be enforced (Neupane et al.,
2025)

Similar studies have been in circulation that
either emphasize the potential of use of Al in
the healthcare industry or role of Al in this
industry (Al Kuwaiti et al., 2023; Davenport &
Kalakota, 2019). Most of these studies help us
in understanding the extensive use of Al and its
challenges in the healthcare industry. This paper
focuses not only on the use of Al but also tries to
tie its use in the healthcare industry along with

AT’s evolution. By tracing AI’s evolution along

with its application in healthcare, this review
paper connects the methodological paradigm
shifts to clinical breakthroughs. This review
paper not only addresses the paradigm shift in
Al but it also discusses their limitations.

3. LITERATURE SELECTION

The review adopts a selective and representative

Applying
this approach, the review aims to trace key

approach to literature selection.

methodological and conceptual transitions in
Al for healthcare. Sources for literature were
selected after conducting a thorough search
on Google Scholar, Nature Journal, PubMed,
IEEE Explore, JAMA Network and arXiv. The
queries used were “Artificial Intelligence in

» «

healthcare,” “Machine learning disease prediction
models,” “Deep Neural Networks in Disease
Prediction,” “Disease classification using Neural

» <€

Networks,” “Early disease prediction machine
learning models,” “Federated learning in health-
care,” “Multimodal Al in healthcare,” “Computer
vision in healthcare,” “Use of transformers in
healthcare,” “Drug discovery using transformers,”
“Application of foundation model in healthcare,”
“Use of Al in healthcare,” “Explainable AT CVD,”
“Big data in Healthcare” and “Agentic Al in health-
care.” The selected literature is organized into
four categories - traditional machine learning,
early deep learning, foundation and multimodal
models and emerging trends and technology.
These categories reflect AI's evolution. Figure
1 shows the timeline and evolution of these

categories.
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3.1 Inclusion and exclusion criteria

Studies included are based on their empirical
knowledge, methodological significance, new
modelling paradigm shifts, validation of quality
and relevance to real time application in health-
care. The empirical studies included in the paper
that are related to application of Al in healthcare
range from 2007 to early 2026.

Inclusion criteria

« Empirical studies addressing the studies in
human healthcare only.

« Empirical studies applying Al technology to
clinical, medical or biomedical domains.

» Empirical studies demonstrating AI's ap-
plication in disease prediction, diagnostics,
biology of proteins, and drug discovery
along with hospital management.

» Empirical studies addressing the challenges
and uses of explainable AL

« Empirical studies that demonstrate use of
Agentic Al in healthcare.

+ Empirical studies that establish the architec-
tural background of Al technologies.

Exclusion criteria

« Studies in AI applications that are not
directly related to healthcare.

« Studies related to healthcare that did not
involve Al applications.

« Studies that were not written in the English
language.

« Similar studies carried out by the same
authors.

4. TRADITIONAL MACHINE
LEARNING ERA

Traditional machine learning models are primar-
ily simple, rule-based algorithms. These models
stem from very early regression techniques
derived from statistics that have their foundation
in the 1800s (Wolberg, 2010) and their use

in training of machine learning models as

early as the 1960s (Samuel, 1959). With the
advancement of Al, healthcare also adapted
to the integration of progressive informational
technology infrastructure in every field and
started gathering more organized clinical data
(Shen et al., 2025).

4.1 Models

The models in this era used were regression
models, decision trees, random forest, Support
Vector Machines (SVMs), Principal Component
Analysis (PCA) and Linear Discriminant Analysis
(LDA). The models like SVMs are supervised
machine learning models applied to tasks involv-
ing regression and classification. These models
were good at handling structured tabular datasets
and predicting outcomes that included statistical
linear classification or prediction of probability.
These models operated on structured or semi-
structured data gathered through lab results,
physical examination, or engineered features
extracted from clinical data. The datasets were
compiled from Electronic Health Records (EHR)
(Futoma et al., 2015), specific biomarkers related
to cardiac health (Liu et al., 2013), brain activity
(Bron et al., 2015) and prediabetic conditions
(Q. Zou et al., 2018). These algorithms solved
simple vector equations that did not require
high performance Graphic Processing Units’
(GPUs) computational prowess. Apart from
the supervised learning models, there were
simple unsupervised machine learning models
that implemented k- nearest neighbor algorithm
to classify patient clusters (e.g., heart disease risk)

based on feature similarity (Polat et al., 2007).

4.2 Related Research

Empirical studies during this era focused mainly
on predicting diseases. Prominent application
areas for these predictions included detection of
sepsis (Nemati et al., 2018), breast cancer (Liang
et al., 2010), heart diseases (Ling et al., 2013;
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Polat et al., 2007) and Alzheimer’s induced
dementia (Bron et al.,, 2015).
also focused on early identification of diabetes

The research

mellitus from captured biomarkers (Q. Zou et
al., 2018). Furthermore, the research area also
focused on the study of EHR and predicting the
readmission rates in the hospital (Futoma et al.,
2015). Studies typically aimed to demonstrate
that machine learning models could outperform
traditional rule based clinical scoring systems like
Sequential Organ Failure Assessment (SOFA) or
Acute Physiology and Chronic Health Evaluation
(APACHE) scores) (Chou et al., 2024). The sum-
marization of aforementioned research works is
tabulated in table 1.

4.3 Limitations

Despite the breakthroughs in the healthcare
industry brought by the classical ML Models, the
adoption of these techniques was very limited.
The predictions made by the models usually
didn’t fit the real-world data. The models were
very well- trained on the data set and predicted
the desired outcomes, but the scope of predictions
was very limited. Since the training dataset was
either semi-structured or limited, these models
usually faced the problem of overfitting. These
are sensitive to class imbalance, often requiring
oversampling or under-sampling. Since these
models relied heavily on properly documented
structured tabular datasets, they were not suited
to handle unstructured free-text clinical notes
or raw images. The models from this era
are only capable of getting trained in a single
mode of input, which was mostly structured
datasets. This limited capability restricted the
clinical utility of these models and restricted
their widespread use in the industry. These
constraints ultimately motivated the transition
to better machine learning models that involved
deep learning approaches which can understand
more features and learning richer representation

directly from the raw clinical notes or images.

5. EARLY DEEP LEARNING MODEL
ERA

As the traditional machine learning models
were facing challenges with comprehending
unstructured data and images, this model paved
the way for newer and better tools in the form of

early deep learning models.

5.1 Models

In the early deep learning era, the breakthrough
proposed models were Convolutional Neural
Network (CNN) (LeCun et al., 1989), Recur-
rent Neural Network (RNN) (Elman, 1990) and
RNN based Long Short-Term Memory (LSTM)
(Hochreiter & Schmidhuber, 1997) models. These
models are designed to mimic human neurons
by implementing multiple hidden layers of the
basic building block of any neural network, a
perceptron (Fukushima, 1980). Like the human
neuron, perceptron also consists of an input layer,
responsible for handling input, a hidden layer
which consists of a linear function followed by
a non-linear activation function (LeCun et al.,
1989). CNNs are the models used for image-based
prediction. These models extract features on their
own from the unstructured raw pixel data (LeCun
et al., 1989).

For time-series and sequential data, RNNs are
used. An RNN model mostly works like a CNN
model as it also performs convolution on matrices.
But these models also have an added element of
memory. This new element of memory gives
these models the ability to retain the memory
previously learned parameters. Equation 1
represents the idea of the memory element in
the mathematical form. The data input, xt, is
used adjusted with input weight, Wx, combined
with the previous memory ht-1 also adjusted
with hidden weights Wh to get ht, the updated
memory of a perceptron at time step, t after
passing all of it through a non-linear function (o).

This memory is then used to calculate the output,
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yt after multiplying a matrix of output weights
Wy, this is represented in the equation 2. The
RNN models solved the following mathematical

equations:

hy = 0 (Wyxy + Wihi—y + b) (1)

Yy = Wy ht (2)

The RNNs introduced the concept of memory
in a neural network; however, these models
have a tendency of forgetting. To overcome
this problem, a new type of RNN models was
introduced. These were LSTM (Hochreiter &
Schmidhuber, 1997). LSTMs solved the problem
of vanishing gradient in RNNs by simply switch-
ing the continuous matrix multiplication with
addition. This helps in preventing exponential
delay in case of backpropagation and thus solving
the issue of vanishing gradient descent.

5.2 Related Research

These models were used to identify patterns
in Chest X-Ray images and predict pneumonia
(Rajpurkar et al., 2017). CNN models were trained
to allow pathologists to exclude 65-75% of slides
while retaining 100% sensitivity, speeding up
the process of cancer detection (Campanella et
al., 2019). Deep CNN models were deployed
to detect diabetic retinopathy screening from
fundus photos (Gulshan et al., 2016). These
empirical studies show that CNN-based models
achieved expert or near expert level accuracy
across radiology and pathology along with
ophthalmology (Campanella et al., 2019; Gulshan
et al, 2016; Rajpurkar et al., 2017). RNN
and RNN based LSTM models surpassed the
accuracy levels of classical models in predicting
patient readmission and early sepsis detection
(Fagerstrom et al., 2019). RNN models enabled
precise predictive modelling from irregular and
noisy EHR sequences (Choi et al., 2017a). With

the emergence of attention mechanisms, the

opacity of RNN in clinical natural language
processing started bridging the gap between
complex medical terminologies and patient’s
understanding of it (Alsentzer et al., 2019).
Table 2 provides a comparative summary of

representative empirical studies from this era.

5.3 Limitations

With the early deep learning models the pre-
dictions and outcomes were far better than
traditional machine learning models however,
they came with their own challenges. Unlike
traditional models, where features were engi-
neered, these models extract the features from
the data on their own. However, this ability
makes them more data hungry, requiring a
vast amount of labelled data which is often
unavailable. This ability of feature extraction
acts like a double-edged sword which can prove
very beneficial in predictions, but it also makes
the feature selection even more opaque (Hassija
et al., 2024). This makes their adoption even less
reliable due to a lack of interpretability. There
has been significant work done to increase its
interpretability by implementing Explainable Al
(XAI). Another drawback of these models that
came with their better accuracy prediction was
an increase in the computational cost. These
models now require high performance Graphic
Processing Units (GPUs) which are an additional
cost over the cost of high-end Central Processing
Unit (CPU) machines. The datasets are another
limiting factor for these models. If the models
are trained on very high-quality images but the
real-world images are poorly lit or blurry, the
output accuracy of these models dip significantly.
These models can be trained on images and
texts, but these models can process only one
type of input mode for solving the given problem.
These models, if trained on text, then cannot take
images as the input and vice versa. Their output
was also limited to a single type. RNN and LSTM
brought the capacity of generating texts,
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images or speech, the output of the model
Although these
models outperformed the traditional models in

can be only one of these.

prediction, these studies remained retrospective
and the performance gains did not translate into
improved clinical outcomes. These challenges
motivated the industry toward more powerful
models that could generalize across tasks.

6. FOUNDATION AND MULTIMODAL
MODELS ERA

The publication of ‘Attention is all you Need’
paper by Google’s researchers, introduced the
concept of Attention and Transformers to the
world (Vaswani et al., 2023).
signaled a dramatic shift in the Al industry’s

Transformers

terrain. Al has moved into a new model space
known as foundation models with the advent
of transformers. Adaptable to a variety of
downstream tasks, these models are trained on
large amounts of data (Bommasani et al., 2022).
The most common use of these models is Large
Language Models (LLMs). LLMs are transformers
that are language models trained on a vast
amount of text, designed for NLP tasks, especially
text generation. With the advancements in
transformer training, another set of models called
Multimodal Models started generalizing across
the tasks. These models are trained on multiple
modes of input and can also generate output in

multiple forms like text, speech, images or videos.

6.1 Models

The models in this era are mainly transformers.
These models use the concept of self-attention
and unlike RNNs, can remember the context
for longer periods. These models enabled self-
supervising or weakly supervised pretraining
on huge healthcare data. Unlike models from
the early deep learning era, these models learn
general-purpose representations that can be
adopted across domains and multiple modes

of data. This eliminates the need for multiple

different early deep learning models required for
doing the same task.

An attention mechanism known as self-
attention, or intra-attention, links various points
in a single sequence to calculate a representation
The

input is made up of a collection of queries

of the sequence (Vaswani et al., 2023).

grouped together as matrix Q, as well as keys and
values grouped together as K and V. Equation 3
illustrates how the output matrix is calculated
(Vaswani et al., 2023):

: ( QKT )
Attention(Q,K,V) = softmax Vo3
Vi

Here Q stands for Query, K stands for Key and
V stands for Value; dy is the dimensionality of the
key and query vectors.

A definitive milestone in the capabilities of
these transformer-based models came in the form
of AlphaFold2 model (Jumper et al., 2021). This
model solved the 50-year-old problem of protein
structure prediction by showcasing what these
attention architecture-based models can do when
trained at scale (Jumper et al., 2021). This brought
a huge paradigm shift in Al in healthcare. Now,
the Al models are not only good for predicting
outcomes based on the feature selection but can
also help in new knowledge generation (Jumper
et al., 2021; Lin et al., 2023). As we have seen
that models from the traditional and early deep
learning phase were limited to a unimodal input
or output, with the onset of transformers and
other better algorithms, this limitation did not
affect models from this generation. The models
from this generation could be trained on multiple
sources like, text, images or speech and are also
capable of generating output in multiple modes.
These multimodal models train on huge datasets
of images and texts, with some separating images
and text during training, while others examine
them concurrently (Radford et al., 2021). These
models when trained on clinical text datasets
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like MIMIC-IV and X-rays images can be used
to explain the medical reports (Moor et al., 2023;
Sellergren et al., 2026).

Models in this era further developed the
concept of deep learning by proposing new
models. These state-of-the-art models used core
concepts of computer science and mathematics
and elevated to neural network level. Graph
Neural Networks (GNNs) used the concept of
graphs and used it to create a new deep learning
model. This model is much cheaper to train than
the transformers and can predict with extremely
high accuracy (Jin et al., 2020). These new age
deep learning models along with the concept
of attention mechanism, are being used at the
frontiers of healthcare (Choi et al., 2017b).

This era also saw the rise of concern over data
privacy. Due to strict data privacy laws, a dataset
crisis started to emerge. For the data hungry
models like transformers, this would result in
huge loss in accuracy and training. A novel
training paradigm called Federated Learning (FL)
emerged to mitigate this dataset crisis (Rieke et
al., 2020). Models are deployed on local clients
to train the models and use their parameters to
train a global model at the server. FL makes it
possible to obtain insights cooperatively, such as
through a consensus model, without transferring
patient data outside of the firewalls of the
organizations where they are housed. Rather,
only model characteristics (such as parameters
and gradients) are transferred, and the machine
learning process takes place locally at each
participating institution (Rieke et al., 2020). This
helps in protecting the patients’ sensitive data

while training the models.

6.2 Related Research

Models in this era worked in almost all sections
of the healthcare industry. One of the major
breakthroughs that happened is in the field of
drug discovery and protein structure (Jin et
al., 2020; Jumper et al., 2021; Lin et al., 2023).

This fast forwarded the development of drugs.
Another major research happened in the field of
training transformers on the medical terminology
and building Large Language Models (LLMs) that
can help bridge the gap between patients and
medical terminologies (Moor et al., 2023; Yang et
al., 2022). This helped the medical practitioners
in making patients understand the complexities
and symptoms of various conditions.

Researchers gave transformers medical vision
along with their ability to generate clinical text
from unstructured EHR along with the medical
reports and images (Moor et al., 2023).

The GNN s used the established medical hier-
archies to predict very highly accurate outcomes
even from the limited datasets (Choi et al.,
2017b). Application of GNNs also improved the
drug discovery and protein structure analysis
which has accelerated the development of new
therapeutics (Jin et al., 2020). Table 3 summarizes
representative foundation and multimodal Al
studies and their contributions to healthcare and

biomedical research.

6.3 Limitations

These models ushered in a new age of innovative
methods and techniques to solve some age-old
issues and problems in healthcare. However,
these also bring a set of issues of their own.
These parameter-heavy transformers still have
the reliability problem because of hallucinations
(Reddy et al., 2024). These can create spurious
correlation and generate data that does not
at all exist in the real world (Reddy et al,
2024). Even though these models can articulate
highly medical advice but because of lack of any
standard evaluation mechanism, these are always
considered with caution. The ever-increasing
complexity of these models also made them very
opaque which again raises their adoption concern
(Tonekaboni et al., 2019).
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Transformers need very high-performance GPUs
for training and for processing (Wang et al., 2022),
however this has led to various environment
impacting issues. The computational cost of
transformers is directly related to the power
consumed by them, which raises concerns about

sustainability.

7. EMERGING TRENDS AND
TECHNOLOGY

As the hardware capabilities have caught up
with the existing and new research in Al, its
landscape is changing rapidly. With new and
more powerful GPUs, the foundation models are
now giving way to multimodal large language
models (MLLMs) that are very good at reasoning,
generation, predicting patterns and performing
several tasks (Karunanayake, 2025). These new
models, unlike traditional Al models, can perform
some predefined tasks and operations without
any manual intervention. These models are
called Agentic Al

To increase the usability of Al applications,
these applications should be more interpretable.
Recent developments have been focused on
creating an XAI The XAI idea aims to explain
individual choices, facilitate comprehension of
overall strengths and shortcomings, and provide
a knowledge of future system behaviour (Gun-
ning & Aha, 2019).

7.1 Models

In dynamic situations, the agentic AI models
exhibit flexibility, sophisticated decision-making
skills, and self-sufficiency. These models employ
various reasoning techniques like Chain of
Thought (CoT) (Wei et al., 2023), Reason and Act
(ReAct) (Yao et al., 2022) or Tree of Thought (ToT)
(Yao et al., 2023) to achieve these tasks. With
MLLMs at the heart of their reasoning, these
agentic Al models can operate independently and
alter clinical procedures like clinical summariza-

tion and medical report production with little

assistance from humans (Acharya et al., 2025).
Gunning & Aha (2019) set the idea of XAI
and it was followed with a lot of research. The
XAI models proved that one doesn’t need to
understand the entire complex neural network
of a model to trust it. Instead, by probing
the model with slight changes in the input and
verifying how the output prediction changes,
an explanation can be reached upon for a
particular dataset (Ribeiro et al., 2016). The
use of mathematical standards to explain the
inner workings of a neural network further
increased the reliability and interpretability
of deep learning networks in the healthcare
industry (Lundberg et al., 2017; Ribeiro et
al., 2016). Local interpretable model agnostic
explanation (LIME) can be used to highlight the
most influential factors in treatment recommen-
dation or individual diagnoses. Shapley additive
explanations (SHAP) can provide insights into the
contribution of different features to a diagnosis

or a treatment plan.

7.2 Related Research

A recent study has shown that agentic Al can
be implemented for organ health monitoring
(Suura, 2025) that can help in early detection of
organ rejects. This shows that agentic Al can
be implemented to create an Al doctor that can
help the patients answer not only their medical
queries but also explain the processes of medical
formalities. The ongoing research shows that
medical LLMs have become more reliable by
using search engine tools to retrieve medical
knowledge.

Much research has been done to understand
the working of machine learning models but only
after (Lundberg et al., 2017; Ribeiro et al., 2016)
research work, helpful and workable insights
were drawn into the black box nature of the
machine learning model. These papers brought
in a new trend of machine learning techniques

that focused on interpretability and working
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of complex models. Due to their white box
nature, clinics and medical experts have started
using XAl for diagnosing and creating treatment
plans for cardiovascular disease (CVD) (Muneer
et al., 2025), personalized health monitoring
(Vani et al., 2025), maternal health assessment
(Yesmin et al., 2026), and enhanced bladder cancer
detection models (Alshammri et al., 2026). These
studies have shown that with better visibility and
transparency Al technology can be integrated
with confidence into the healthcare industry.
Table 4 summarizes all the above representative
research studies in agentic Al and XAI along with
their contribution to healthcare.

7.3 Limitations

The availability of varied, high-quality data
to train AI models is the main obstacle to
healthcare Al Seamlessly incorporating agentic
Al into existing clinical workflows is a formidable
challenge. Many healthcare organizations still
use operational systems and outdated EHRs that
One of

the main obstacles to the adoption of Al in

aren’t built to handle new AI tools.

healthcare is still the lack of acceptance and trust
between patients and clinicians. To solve this,
healthcare workers should get organized training
on Al-assisted decision-making, and Al agentic
models should be rigorously validated in the
real world. Furthermore, the system is opaque
in its operations due to the sensitive data and
unstructured text, which are frequently governed
by privacy regulations. This necessitates using
both these agentic Als and XAI (Karunanayake,
2025). Developing strategies to explain these
“black box” models in high stakes decisions,
but attempting to do so instead of developing
interpretable models in the first place is likely
to encourage unethical behavior and could have
a significant negative impact on society (Rudin,
2019). Unlike the explainable Al models that are
available today, modern Al models and data are

too complex with high dimensionality, that they

can’t be simply explained based on the inputs
and outputs (Ghassemi et al., 2021).

8. CHALLENGES IN ADOPTION OF Al
IN HEALTHCARE

As we have seen that as Al models advanced,
their application in the healthcare industry also
increased. Empirical studies have been on a con-
tinuous rise, either through the implementation
of new models on existing datasets or by applying
traditional models on the new datasets. Even
though information technology infrastructure
has been well integrated in the healthcare
industry, the availability of quality data remains
one major hurdle in training of AI models.
However, despite this rapid growth, there are
still some challenges that Al models need to
solve to be adopted by medical practitioners
and healthcare experts. Another major hurdle
in the adoption of Al models by the healthcare
industry is its opaque nature (Tonekaboni et al.,
2019). The opaqueness of these Al systems is
basically the machine’s inability to explain its
decisions and actions to users. As the AI models
are getting increasingly complex, their opacity
has also increased (Hassija et al., 2024). For
someone not from the background of computer
science, understanding the outcomes of these
models seems very less reliable. Also, with the
new age Al models, the problem of hallucinations
is also a roadblock in their adoption (Reddy et al.,
2024). The second major challenge in adoption
of Al models is their deployment. Even though
now there are various cloud platforms that can
host Al models, there is a lack of data pipelining
which makes training these models harder and
their use even harder. Another major issue in
their adoption comes from the concern of power
consumption. As these models become more
computation heavy, they need a lot of power and

other resources to keep them running.

Al models are now also facing issues related
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to data privacy and data governance (Rieke et
al., 2020). With stricter data privacy laws, it
is becoming harder for researchers to get new
datasets. This is also a concern and a challenge

in adoption of Al in healthcare.

9. CONCLUSION

The advent of AI has brought about a trans-
formative change in the healthcare domain.
While traditional machine learning models pri-
marily focused on predictive analysis of dis-
eases, they were not adept in handling real-
time unstructured data. This limitation was
overcome using deep learning models, which are
capable of efficient feature learning from raw
data and images. However, these models are
data demanding and require extensive labelled
datasets to provide accurate results. The advent
of multimodal models and transformers has
been a breakthrough in the healthcare domain
as predictive analytics would now not just be
dependent on just one mode ie. textual data
or image data but would integrate text, images
or may even biological data concurrently for
efficient prediction. Transformers use their self-
attention mechanism to process medical records
to summarize information, analyze bio signals
to flag anomalies, examine genetic data for
discovering new drugs and enhance predictive
disease analysis. Furthermore, the current
trends of explainable models in the healthcare
domain make the results more trustworthy and
actionable. Predictive analysis can be validated
using XAI by flagging key contributors to the
patient’s health state. In future, strong and
effective healthcare ecosystems that integrate Al
into disease diagnostics, personalized treatments
using genetic information, remote diagnostics
and complex robotic surgeries would ensure
proactive care and precise treatments.
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