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ABSTRACT:

Machine learning (ML) has been widely applied in healthcare to improve the accuracy and efficiency of diagnosis, treatment,
and prevention of diseases. In this review article, we will explore the current state of ML in healthcare by examining the
different methodologies used, such as supervised learning, unsupervised learning, and deep learning. We will also discuss
their applications in areas such as medical imaging, genomics, and electronic health records. Additionally, we will delve into
the challenges and limitations of using ML in healthcare, such as the need for large and diverse datasets, and addressing ethical
concerns. Furthermore, we will provide a comprehensive overview of the current and potential future impact of ML on
healthcare, highlighting the opportunities and challenges for further research and development in this field. This review article
aims to provide a clear and concise overview of the current state of ML in healthcare, including its methodologies, applications
and challenges, with the objective of providing direction for future research in this field.
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1. INTRODUCTION

Machine learning (ML) is a branch of artificial intelligence
(Al) that involves the development of algorithms and
statistical models that can learn from and make
predictions or decisions without being explicitly
programmed. ML has been applied to a wide range of
problems, such as image recognition, natural language
processing, and healthcare.

The field of ML has seen rapid advancements in recent
years, with the development of new techniques such as
deep learning and reinforcement learning. Deep learning,
which involves the use of neural networks with multiple
layers, has been particularly successful in tasks such as
image and speech recognition (LeCun et al, 2015 [5];
Hinton et al, 2012 [4]). Reinforcement learning, which
involves training models to make decisions in dynamic
environments, has also seen success in areas such as game
playing and robotics (Mnih et al., 2015 [6]; Silver et al,,
2016 [8]).

There has also been growing interest in applying ML to
healthcare, with the potential to improve the accuracy and
efficiency of diagnosis, treatment, and prevention of
diseases. Gulshan et al. (2016) [2] used deep learning to
improve the accuracy of diabetic retinopathy diagnosis,
while a study by Wang et al. (2017) [9] applied ML to
predict patient outcomes in intensive care units. These
studies demonstrate the potential of ML to improve
healthcare outcomes, but they also raise important ethical
concerns, such as the need for large and diverse datasets
and the potential for bias in the models.

In this review article, we will explore the current state of
ML in healthcare, including its applications,

methodologies, and challenges. We will also provide a
comprehensive overview of the current and potential
future impact of ML on healthcare, highlighting the
opportunities and challenges for further research and
development in this field.

1.1 ORIGIN OF MACHINE LEARNING:

The origins of Machine Learning can be traced back to the
1950s, when researchers in the field of Artificial
Intelligence (Al) began exploring the idea of developing
machines that could learn from data and improve their
performance over time without being explicitly
programmed. One of the earliest and most influential
works in the field was the paper “The Concept of a
Learning Machine” by Arthur Samuel in 1959, in which he
introduced the idea of a “machine learning” system that
could learn to play checkers by analyzing a large
number of games.

In the 1960s and 1970s, researchers continued to explore
the potential of ML, with a focus on developing
mathematical models and algorithms that could be used to
train machines. One of the key early figures in the field was
Tom Mitchell, who in his book “Machine Learning” (1997)
defines the field as “a computer program is said to learn
from experience E with respect to some task T and some
performance measure P, if its performance on T, as
measured by P, improves with experience E.”

Throughout the 1980s and 1990s, ML continued to evolve
and expand, with the development of new techniques such
as decision trees, neural networks, and support vector
machines. The advent of large data-sets and more
powerful computing resources in the 21st century has
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further accelerated the development of ML, with the
emergence of new techniques such as deep learning and
reinforcement learning. Today, machine learning is a
rapidly growing field with a wide range of applications
in domains such as computer vision, natural language
processing, and healthcare.

With the overwhelming amount of data being
generated, some have declared the arrival of the Big
Data era. Within this context, the field of ML has
emerged, focused on the creation of computer
algorithms that can turn data into intelligent action.

The evolution of ML was driven by the concurrent
advancements in available data, statistical methods, and
computing power. As the volume of data grew, it
became necessary to have more computing power to
process it, leading to the creation of new methods for
analyzing large data sets. This cycle of progress enabled
the collection of even larger and more compelling data.

Available

Statistical
Methods

FIG: CYCLE OF MACHINE LEARNING

Data mining, a closely related discipline to Machine
Learning, deals with uncovering new insights from vast
databases. Nearly all data mining applications utilize
Machine Learning techniques, but not all Machine
Learning projects encompass data mining.

2. METHODOLOGIES IN MACHINE LEARNING

There are several approaches to solving problems using
machine learning, each with its own strengths and
weaknesses. Some of the most commonly used
methodologies in healthcare are:

1. Supervised Learning: In this approach, the
algorithm is trained on labeled data, where both
input and output data are known. The algorithm
uses this information to make predictions about
new, unseen data. Examples of supervised
learning in healthcare include the diagnosis of
diseases based on symptoms, the prediction of
patient outcomes based on medical history, and
drug discovery based on molecular structure.

2. Unsupervised Learning: In this approach, the
algorithm is trained on unlabeled data, where
only input data is known. The algorithm uses this

information to identify patterns or relationships
in the data without being told what the output
should be. Examples of unsupervised learning in
healthcare include identifying patient clusters
based on demographic data, detecting abnormal
patterns in medical imaging, and identifying gene
expression patterns in cancer patients.

Reinforcement Learning: In this approach, the
algorithm interacts with an environment and
learns through trial and error. The algorithm
receives rewards or punishments based on the
quality of its decisions, which guides its learning
over time. An example of reinforcement learning
in healthcare is optimizing treatment plans for
patients based on real-time responses to therapy.

Semi-Supervised Learning: In this approach, the
algorithm is trained on a combination of labeled
and unlabeled data. This allows the algorithm to
make predictions based on both known and
unknown data, which can improve accuracy in
cases where labeled data is limited. An example
of semi-supervised learning in healthcare is
predicting disease progression based on a
combination of clinical and imaging data.

Deep Learning: Deep learning is a sub-field of
machine learning that uses artificial neural
networks to model complex relationships in data.
Deep learning has shown promising results in
medical imaging, natural language processing,
and genomics. An example of deep learning in
healthcare is the automatic segmentation of
tumors in medical images.

2.1 STEPS INVOLVED IN ML PROBLEM:

Problem definition: Define the problem you are
trying to solve and why it is important. Identify
what type of machine learning you need to apply.
“Automated Diagnosis of Retinal Diseases using
Deep Convolution Neural Networks” (Gulshan et
al, 2016 [2]) defines the problem as automated
diagnosis of retinal diseases and applies deep
convolution neural networks (DCNNs) for the
solution.

Data collection: Gather and organize the relevant
data, such as patient records and medical imaging.
Check for quality, missing data and other issues.
“Development and Validation of a Deep Learning
Algorithm for Detection of Diabetic Retinopathy in
Retinal Fundus Photographs” (Gulshan et al., 2016
[2]) collected retinal fundus photographs from
multiple clinics and institutions to develop and
validate a DCNN algorithm for detecting diabetic
retinopathy.

Data pre-processing: Clean and pre-process the
data to make it suitable for analysis. This includes
removing irrelevant information, handling missing
data, normalizing data, and transforming data into
a usable format. “Chest X-Ray Images
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(Pneumonia) Classification using Convolution

Neural Network” (Wang et al, 2017 [9])
pre-processed X-ray images by resizing and
normalizing them to ensure consistency in
analysis.

Feature selection: Select the most relevant
features to use in your model, based on the
problem definition and data pre-processing.
“Automated Detection of Parkinson’s Disease
through Speech Analysis” (Hussein et al, 2018
[3]) selected relevant speech features, such as
pitch, jitter, and shimmer, to use in the model for
detecting Parkin- son’s disease.

Model training: Train the machine learning model
on the pre-processed and selected data. This
involves selecting an appropriate algorithm and
adjusting its parameters to fit the data. “Deep
Learning-Based Lung Nodule Classification Using
CT Images” (Setio et al., 2016 [7]) trained a deep
learning model, using a convolution neural
network (CNN), on CT images to classify lung
nodules as malignant or benign.

Model evaluation: Evaluate the performance of the
model on a separate dataset, such as a validation
set. Use performance metrics such as accuracy,
precision, recall, and F1 score to assess the
model’s performance. “Diagnosis of Skin Lesions
Using Dermoscopy Images with Deep Convolution
Neural Networks” (Esteva et al, 2017 [1])
evaluated the performance of a deep convolution
neural network on a validation set of dermoscopy
images and reported accuracy, precision, recall,
and F1 scores.

Model deployment: Deploy the model in a
real-world setting, such as a hospital or clinical
trial. Monitor its performance and make
adjustments as necessary. “Auto- mated
Segmentation of Left Ventricle in 3D Ultrasound
Images” (Yao et al, 2016 [10]) deployed a
machine learning model for automated
segmentation of the left ventricle in 3D ultrasound
images in a clinical setting.

Maintenance and updating: Regularly review and
update the model to ensure it re- mains accurate
and up-to-date with the latest information. For
example, the paper “Retinal Image Analysis for
Diabetic Retinopathy Screening” (Gulshan et al,
2016 [2]) emphasizes the importance of regularly
updating the model to maintain its performance.

3. CHALLENGES AND OPPORTUNITIES
3.1 CHALLENGES

1.

Data Quality and Availability: One of the major
challenges in using machine learning and deep
learning in healthcare is the quality and
availability of data. Medical data is often
incomplete, inconsistent, and subject to privacy
regulations, which can make it difficult to use for
machine learning purposes.

Integration with Clinical Workflow: Another
challenge is integrating ML algorithms into
existing clinical workflows, which can require
significant effort from healthcare providers and
patients.

Bias and Fairness: Machine learning algorithms
can sometimes be biased against certain groups,
leading to incorrect predictions or decisions. This
is a particular concern in healthcare, where the
consequences of biased algorithms can be severe.
Regulation and Adoption: There is also a need for
regulatory framework and standardization to
ensure that machine learning algorithms are safe
and effective, which can slow the adoption of
these technologies in healthcare.

3.2 OPPORTUNITIES:

1.

Improving Patient Outcomes: One of the biggest
opportunities for ML and deep learning in
healthcare is to improve patient outcomes by
providing more accurate diagnoses and
personalized treatment plans.

Reducing Costs: ML can also help reduce the cost
of healthcare by automating routine tasks,
reducing errors, and improving efficiency.
Improving Clinical Research: ML can also be used
to improve clinical research by providing more
accurate and efficient methods for identifying new
targets for drug development, and for monitoring
the safety and efficacy of new treatments.
Empowering Patients: ML and deep learning can
also empower patients by providing them with
more information about their health and enabling
them to make more informed decisions about
their care.

Developing Better Models: There is ongoing
research to develop more advanced ma- chine
learning and deep learning models that can better
handle complex medical data, account for
uncertainties, and minimize bias.
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