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ABSTRACT

Machine learning (ML) is revolutionizing healthcare by enabling data-driven
decision-making and personalized treatment strategies. This paper explores
various ML techniques applied in healthcare, particularly supervised,
unsupervised, and deep learning approaches, examining their role in disease
diagnosis, prognosis, patient segmentation, and treatment optimization. By
integrating diverse healthcare data sources, such as electronic health records,
imaging, and real-time monitoring, ML models have achieved substantial
advancements in predictive accuracy and clinical utility. Despite its promise,
ML in healthcare faces challenges around data privacy, algorithmic bias, and
interpretability, which must be addressed to ensure ethical and equitable
implementation.

Keywords : Machine Learning, Healthcare Data Analysis, Disease Diagnosis,
Patient Segmentation, Predictive Modeling, Deep Learning, Electronic Health

Records.

1. Introduction

1.2 Importance of Data Analysis in Modern
Healthcare Systems

1.1 Background of Machine Learning in Healthcare

Machine learning is one of the transformative forces
of healthcare, which largely depends on the
algorithms it uses to analyze the complex data
patterns that support both clinical and operational
decisions. Though the earlier applications of ML were
simply rule-based systems, today the applications of
ML in healthcare range from diagnosing different
conditions to personal treatment with their core
depending on the advancement in computing and
data availability. The integration of ML models into
EHRs and the greater medical imaging systems

somehow supports real-time clinical support.

both

unstructured forms, growing exponentially. It will be

Healthcare data take structured and
analyzed by sophisticated techniques and reveal
clinically meaningful insights. Machine learning will
ensure the accuracy of diagnoses, risk stratification,
and effectiveness of healthcare operations. It fills the
urgent gap in analytics related to high-dimensional
data in multimodal formats and revealing nonlinear
relationships.

1.3 Objectives and Scope of the Study

This paper shall explore the critical application
of ML in health,

techniques of supervised, unsupervised, and deep

domains oriented towards
learning. The review encompasses the aspects of data

preprocessing, clustering, anomaly detection, and

Copyright: © the author(s), publisher and licensee Technoscience Academy. This is an open-access article distributed

under the terms of the Creative Commons Attribution Non-Commercial License, which permits unrestricted non-

commercial use, distribution, and reproduction in any medium, provided the original work is properly cited

373 L



http://ijsrcseit.com/
http://ijsrcseit.com/
https://doi.org/10.32628/CSEIT206621

Naveen Bagam Int J Sci Res CSE & IT, November-December-2020; 6 (6) : 373-386

reinforcement learning in clinical applications. A
scope has mainly been set by reviewing such
technical fundamentals of ML models as applied to
healthcare and their ethical considerations for the

treatment.
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2. Fundamentals of Machine Learning in Healthcare
2.1 Overview of Machine Learning Techniques
Machine learning in healthcare work involves very
extensive techniques. These range from supervised,
unsupervised and reinforcement learning. Every
category gets over certain challenges in analytics of
health care data. In the kind of applications that
involve diagnosis and the prediction of output, this is
normally done after the training of labeled data to
models to then make accurate predictions. Decision
SVM,

algorithms used in supervised learning, and, as

trees, and neural networks are common
evidenced by recent studies, have been brilliant for
the task of disease classification, including medical
images of analysis for cancerous lesions. There is
significant value in unsupervised learning in patient
segmentation and anomaly detection to find subsets
of patients or rare diseases without labels. Although
utilized less frequently, reinforcement learning is
increasingly being used in developing individualized
pathways of treatment where algorithms learn the
best sequences of actions through trial and feedback,
typically well-liked in the ICU environment and for

robotic-assisted surgeries.
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It has been demonstrated that for applications of
diagnosis with accuracy over 90%, such well-suited
algorithms like CNNs, when employed with image
data, have acceptable results. It has also been shown
that integrated multi-source data enhance the
reliability of predictions but this is a huge issue in
health care because the output is sensitive to diverse
and correlated information about patients.

2.2 Healthcare Data Types and Sources

Healthcare data is very diverse with a wide range of
structures, formats, and analytics. Some of the most
commonly used types of data in healthcare machine
learning applications are discussed below.

2.2.1 Electronic Health Records (EHR)

The electronic record forms the heart of data-driven
care, and it finds itself as one of the most important
sources for ML algorithms. 2019 studies show that
EHR-based models can accurately identify chronic
conditions, such as diabetes and heart disease, with
predictive accuracies exceeding 85% when both
structured data and unstructured clinical notes are
accounted for as part of EHR data. However, it does
require sophisticated preprocessing and data-cleaning
techniques in order to handle missing data and
differences in documentation standards. One of the
methods to deal with missing values, which is often
used, is multiple imputation-replaces missing data
with a distribution of plausible values that, in order
to reduce model prediction biases, should be drawn
from observed data distributions.

2.2.2 Imaging and Genomic Data

The second source of health-care data, in the
processing of which ML has been applied, is medical
imaging. Some of them are X-rays, MRIs, and CT
scans among others. CNNS have a very bright
potential towards image use because they can achieve
high accuracy levels for the identification of
abnormalities like tumors or fractures. For instance,
in diagnosing brain tumors using labeled MRI data,
CNNs reached 94% average as indicated by a release
in Nature Medicine 2020. Third, genomic data is

exploited in disease susceptibility profiling at the
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molecular level, and ML models assist in identifying
genetic markers that predispose a person to particular
diseases. This application is vital in personalized
medicine where ML helps in personalizing treatment
based on a patient's genetic information.

2.23 Wearable Data

Monitoring

Device and Real-Time
The management of chronic conditions also depends
significantly on such real-time and continuous
monitoring by data from wearables regarding heart
rate, blood oxygen levels, and activity metrics. Data
from these wearables can further be incorporated
into ML models for accurate prediction of acute
events, such as a heart attack, up to 87% a day before
Wearable

compressed primarily with the help of time series

the onset of such an event. data is
models like LSTM networks; this is one of the best
tools available for handling sequential data and
pattern recognition associated with vital health
events.

2.3 Data Preprocessing in Healthcare

Another important component of healthcare ML is
data preprocessing, ensuring quality in the data with
further enhancement in the model's performance.
This chapter discusses several methods on dealing
with incomplete data, redundant features, and
heterogeneous data formats.

2.3.1 Data Cleaning and Imputation

Some healthcare data undergo cleansing for errors
that may lead to many significant diagnostic errors.
Here, standard techniques would include
deduplication, imputation of missing values, and
outlier detection. In EHR data, for instance, missing
values would be imputed by k-nearest neighbours-
that is, a technique for filling gaps based on the most
similar data points. It was reported by a JAMA study
in 2018 that KNN imputation of the missing EHR
data increased the accuracy of the model in the range
of 5-7%
management.

2.3.2 Feature Extraction and Dimensionality

for models used in chronic disease

Reduction
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Feature extraction refers to the process by which raw
health data is transformed into appropriate input
features for ML-based models. Techniques such as
PCA and Autoencoders lower the dimension of vast
data sets. This is because high dimensions of features
in imaging and genomic data lead to inefficiencies in
computation time and overfitting. For instance, PCA
applied on gene expression data whose features were
reduced by 80% for it to have a faster time of training
without losing the performance of the model.
Autoencoders have proven to be highly efficient in
the denoising of imaging data, so improve the
performance of a diagnostic model by up to about 10%

as it tracks down cancer.

Technique Application in | Impact on Model
Healthcare Performance
Data Cleaning | Handling Reduces  bias,
(e.g., KNN) missing ~ EHR | improves
values prediction
reliability
PCA Genomic and | Reduces
imaging  data | dimensionality,
analysis accelerates
training
Autoencoders | Imaging  data | Enhances image
preprocessing clarity,  boosts
diagnostic
accuracy

2.3.3 Data Standardization and Normalization

Data normalization is done to prepare the data in
preparation for ML, but standardization ensures that
features have uniform ranges; this prevents a few
features from dominating the model and biasing
results. For example, logistic regression models used
apply
standardization which scales data for zero mean and

in disease development risk analyses

unit variance. Normalizing is a good practice in

neural networks because input ranges were

consistent, and it improved the speed of training and

convergence. In clinical trials with ML models,
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normalizing patient metrics such as age, weight, and
other vital signs accelerated the training of models by
20%

Biomedical Engineering.

according to the IEEE Transactions on
3. Supervised Machine Learning Applications

3.1 Predictive Modeling for Disease Diagnosis

Machine learning has proven to be extremely
effective in the predictive modeling involved with
disease diagnosis. Techniques underlying supervised
learning are best suited for this exercise since they
require labeled datasets. Some of the algorithms
which help classify the patterns that distinguish
between healthy and diseased conditions include
SVM,

instance, decision trees and SVMs can be applied to

decision trees, and neural networks. For
any application, such as diabetes diagnosis where the
factors considered will determine patients to be
either diabetic or not. The study done in The Lancet
presented models employing these techniques to
achieve diagnostic accuracy rates exceeding 85%.
Conventional methods of diagnosing diabetes and
cardiovascular disease have been usurped by this
approach.

3.1.1 Classification Algorithms (e.g., Decision Trees,
SVM, Neural Networks)

This algorithm utilizes decision trees, hence the
grouping of data over features enables this model
under considerations to make sequence decisions that
lead to a correct diagnosis. In contrast, SVMs forms
hyperplanes in a high space that splits classes hence is
very effective for any task that is strictly binary
classification such as telling between benign and
malignant tumors. Neural networks, deep neural
networks in particular, have become key in
advancing disease diagnosis in most fields, including
dermatology and ophthalmology. In this case of
dermatology, CNNs trained with image data were
found to offer equal performance with those of
dermatologists in detecting malignant skin lesions;
some models even produced over 90% accuracy in

diagnosis.
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3.1.2 Use of Ensemble Methods in Diagnosis (e.g.,
Random Forest, XGBoost)

Several ensemble methods exist; two of the most
popular, Random Forest and XGBoost, take results
from multiple classifiers to predict final answers.
Random Forest has particularly done well in larger,
more complicated medical data sets with numerous
variables and constructs a multitude of decision trees
and aggregates predictions. The area of cancer
diagnostics achieved 92% sensitivity in finding lung
cancer that has reached an early stage using Random
Forest models. XGBoost being a gradient-boosting
algorithm has improved these methods by
performing optimization of the model in iterates to
minimize the error. It has been observed that it
minimizes misclassification rates around 15-20% in
comparison to single decision trees. This paradigm is
helpful when early and accurate diagnosis is

necessary for the condition like Alzheimer's disease.
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Medical
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3.2 Prognostic Modeling for Disease Progression

Predicting the course of disease is another essential
application of supervised learning in healthcare,
particularly in the management of chronic illnesses.
Risk of progression for a patient is, therefore,
which help

treatment and

evaluated in prognostic models

physicians plan their resource
management. Time series forecasting models and
survival analysis techniques often used for prognostic
modeling observe the course of change in patient

health over time.
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3.2.1 Time Series Forecasting in Chronic Disease
Management

The significance of time series forecasting in chronic
disease management will directly rely on the
potential of forecasting to predict future health states
based on historical data. Models such as LSTMs are a
form of recurrent neural network that is specifically
designed to handle sequential data and are very
effective at predicting trends. LSTM models have
been employed in managing heart disease to predict
risks of hospitalization based on fluctuations in blood
pressure and heart rate. In IEEE Transactions on
Neural Networks and Learning Systems, 2019, lstm
models were demonstrated to make forecasting better
by another 15% more than traditional models in

terms of predicting adverse heart failure events.

Chronic Disease Patient Retention Over Time
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3.2.2 Survival Analysis Models in Cancer Prognosis

Survival analysis, or the time until some event of
interest occurs-disease recurrence, death-is often
applied for cancer prognosis. The Cox proportional
hazards models and their extensions are being
increasingly applied in the survival data analysis to
model the effect of covariates on survival time. As an
application, the Cox models have been applied in the
prognosis of breast cancer through elements such as
tumor size, lymph node status, and hormone receptor
status to try and estimate survival times for patients.
Researchers indicated that survival models combined
with machine learning algorithms yielded over 20%
greater accuracy to support more informed oncology

decisions.
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3.3 Outcome Prediction and Risk Stratification
Predicting patient outcomes and stratifying risks are
important for the efficient allocation of health-care
resources and for providing appropriate treatment to
an individual. Logistic regression and hybrid models
with the integration of multiple algorithms are
generally used in most risk stratification tasks; they
allow for accurate measurements of patient risk
profiles.

3.3.1 Logistic Regression for Risk Stratification
Logistic regression is a highly classical statistical
technique widely used in healthcare relating to
binary outcomes, such as whether a patient falls in
either a high or low risk category for a certain
medical condition. It is particularly very useful in
assessing one's cardiovascular risk. For example, using
the predictors of age, blood pressure, cholesterol
levels, and smoking status will give a proper model.
Logistic regression models were indeed validated
with numerous large-scale studies, among which was
the Framingham Heart Study where they showed
around 80% sensitivity and specificity in predicting
heart disease.

3.3.2 Hybrid Models for Patient Outcome Prediction
Hybrid models take on the best techniques from
different machine learning approaches to capture the
unbroken complex relationship in healthcare data,
thus leading to higher prediction accuracy. For
hybrid models

integrated with the random forest algorithm or

example, of logistic regression
gradient-boosting algorithms have been tested in
intensive care units for the prediction of patient
outcomes. Logistic regression integrated with
XGBoost has also been reported to decrease the error
rate by 10% in the case of sepsis mortality. Such a
reduction was also reported in 2020 within a study
published in Critical Care Medicine. Hybrids are
very useful in high-risk settings such as the ICU:
stratification,

through proper risk they can

potentially prove life-saving by timely intervention.
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Model Application Performance Metrics
Logistic Cardiovascula | Sensitivity/Specificity
Regression | r risk | : 80%-+
prediction
LSTM Time  series | Forecasting accuracy
forecasting in | improvement by 15%
chronic care
Cox Cancer Improved  survival
Proportiona | survival time prediction
1  Hazards | prediction accuracy by 20%
Model
Random ICU patient | Error rate reduction
Forest + | outcome in sepsis prediction
XGBoost prediction by 10%
Hybrid

4. Unsupervised Machine Learning Applications

4.1 Clustering for Patient Segmentation

Clustering is an important application of
unsupervised learning and is used in patient
stratification =~ where  patients  with  similar

characteristics are grouped for the administration of
personalized medicine. K-Means and hierarchical
clustering algorithms can better stratify patients
based on demographic characteristics, lifestyle,
predispositions, and clinical histories. Meaningful
clustering of patients is beneficial for healthcare
service providers in tailoring treatment plans-for
example, in the management of chronic diseases. To
identify subgroups at different levels of risk in
conditions such as diabetes and hypertension, there
has been application of clustering, and thus focused
treatment plan designs for high-risk subgroups can be
done. For instance, an article printed in Journal of
Medical Internet Research back in 2019 suggested
that the effectiveness of targeted interventions is
increased up to 15% as a result of clustering
algorithm, as proven by better results in treatment.
4.1.1 K-Means and Hierarchical Clustering

The algorithm of K-Means classifies patients into a

specified number of clusters based on observed
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similarities. This has been seen widely applied in the
analysis of Electronic Health Records EHR. For
instance, K-Means is appropriate in classifying
diabetic patients into different clusters who require
different management needs towards lifestyles.
Hierarchical clustering forms nested clusters in tree-
like form, making it a good candidate for handling
tougher datasets, such as those emerging with multi-
dimensional imaging data. In cancer, hierarchical
clustering was used to identify genetic profiles
associated with unique cancer subtypes and therefore
offer targeted therapies.

4.1.2 Patient
Healthcare

Clustering is central to the segmentation of patients

Segmentation for Personalized

into risk-based clusters in personal medicine to
enable individual treatment. Patient clustering based
on psychiatric evaluations and treatment history has
been known to over 20% increase the response rates
to certain therapeutic interventions in psychosomatic
medicine. Such segmentation has many applications,
especially to chronic diseases such as asthma or
cardiovascular diseases. With the occurrence of such
conditions, it would be possible to know precisely
what patient-specific factors are responsible. In doing
so, one would be able to maximize the efficiency of

the treatment and resources used.
100

User Retention Heatmap

Feb

Retention Rate (%)

Month 5
Month &

(=] - ~ ~ o+
£ -] £ £ ]
= = = = =
E g g E g
=z = =z =z =

Llo

4.2 Dimensionality Reduction for Large-scale Data
Analysis

Data with high dimensionality are common in
healthcare and tend to contain much information,
irrelevant when

which is more redundant or
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conducting a desired analysis. Dimensionality
reduction techniques, such as PCA and t-SNE, have
been presented above. Such techniques are very
important when reducing the huge amount of
complexity from imaging studies, genomic sequences,
and multi-modal healthcare datasets.
4.2.1 Principal Component Analysis (PCA) in
Imaging Data

The PCA is a linear method of reducing dimensions
that has found many applications in medical imaging.
It simplifies the high dimensionality of the data while
retaining important variance. Therefore, PCA has
been applied in radiology to reduce the complexity of
MRI and CT scan data, which makes imaging data
easier for machine learning models to process and
interpret patterns. In 2020, a study conducted by
Radiology: Artificial Intelligence showed that PCA
data dimensionality could be reduced by as much as
85% without loss of accuracy for training diagnostic
algorithms. These reductions are particularly useful
in time-sensitive applications such as radiology,
wherein the determination and isolation of
abnormalities is depended on prompt image analysis.
422 t-SNE and UMAP for Complex Healthcare
Datasets

In the case of complex, non-linear data, two of the
widely used techniques are t-SNE and UMAP
(Uniform Manifold Approximation and Projection).
These techniques have been used for the purpose of
clustering of genetic data using t-SNE that brings out
the structure and relationships in big gene expression
data. For example, in a cancer genomics study, t-SNE
was employed to differentiate cells between normal
and cancerous with accuracy improvement of nearly
20% as compared to traditional clustering techniques.
More

reduction technique called UMAP has been used to

recently, another novel dimensionality
apply it to EHR visualization and, in fact, facilitate
the discovery of latent patterns within large-scale
patient data. In applying this to ICU datasets, the
correlations that are thereby discovered between

aspects of ICU factors leading to admission and
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mortality rates have elevated the resultant capability
to predict and improve risk.

4.3 Anomaly Detection for Rare Disease
Identification

Application areas of unsupervised learning include
anomaly detection in patients, particularly in
healthcare, where rare diseases or outliers in the
patient population can be diagnosed. Techniques
such as Isolation Forest and One-Class SVM are
designed to detect anomalies based on learning
normal patterns in data, which indicate deviation or
infrequent events denoting rare or unexpected
conditions. The sooner one can detect the anomaly
for a difficult diagnosis, the better the chances of
improving patient outcomes with timely intervention.
4.3.1 Isolation Forest and One-Class SVM

Isolation Forest is one anomaly detection algorithm
where isolation occurs by recursively partitioning
data points into decision trees. This technique has
been used in studies about cardiovascular research to
detect outliers within heart rate and blood pressure,
which might indicate possible complications or
undiagnosed conditions. For example, by analyzing
ICU patient heart rate data, the Isolation Forest
model detected anomalies with 90% accuracy. This
resulted in the physicians putting such high-risk
patients at the forefront for further analysis. One-
Class SVM is also used, which operates on the edge of
normal data distribution. It has been applied in
cancer to

screening for identify uncommon

biomarker levels that could depict rare cancers.

Anomaly Detection in ICU Monitering

84 @ Normal Data .
e Anomalies

Feature 2
.

=2 o 2 4 L]
Feature 1

4.3.2 Use Cases in Rare Disease and Outlier Detection

[ 379 L__



http://www.ijsrcseit.com/

Naveen Bagam Int J Sci Res CSE & IT, November-December-2020; 6 (6) : 373-386

Another domain where these techniques are very
useful is in the discovery of rare diseases. Rare
diseases can easily remain underrepresented in a
general healthcare dataset. For instance, in genomics,
the Isolation Forest technique has been able to
identify rare genetic mutations that have been
associated with rare diseases. The algorithms for
anomaly detection will be able to flag out the genetic
profile that does not fit the known pattern, thereby
identifying rare diseases. Some anomaly detection
models have been very critical in the detection of
outbreaks. For instance, in epidemiology, anomaly
detection models are used in identifying unusual
patterns of infection to serve as a basis for early

intervention and containment efforts.

Clustering and | Application in | Impact
Anomaly Healthcare
Detection
Techniques
K-Means Patient Improved
segmentation targeted
intervention
accuracy by
15%
Hierarchical Genetic data | Enhanced
Clustering analysis subtype
identification in
oncology
PCA Medical imaging | Data reduction
(MRI, CT) by 85%, faster
training times
t-SNE Genomic Increased
clustering clustering
accuracy by
20%
Isolation Outlier detection | 90% accuracy in
Forest in ICU | anomaly
monitoring detection
One-Class Rare disease | Effective in
SVM screening identifying
unusual
biomarker
levels
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5. Deep Learning Applications in Healthcare
5.1 Convolutional Neural Networks (CNNs) for
Medical Imaging

Medical imaging has been transformed by the CNNs,
and this primarily because of the ability of the CNNs
to capture spatial hierarchies within the data. CNNs
are thus among the best networks which can be used
on the analyzing tasks of images. In the radiology,
CNNs have been mainly applied to boost the
accuracy of diagnostic imaging by trying to identify
most patterns in the X-rays, MRIs, and CT scans. For
example, CNNs have been used in the detection of
chest X-ray abnormalities. Indeed, the diagnosis of
lung diseases such as pneumonia and tuberculosis is
identification of such
CNN model

referenced in a 2019 Nature Medicine study in

somewhat based on the
abnormalities. Recently, a was
demonstrating an edge over expert radiologists by a
difference of 4.1% at 94.6% in terms of the diagnostic
accuracy when working on the detection of
pneumonia in pediatric patients from chest X-rays.
This yields high accuracy and CNNs can be of great
assistance as a secondary layer in analysis for the
radiologists.

5.1.1 Image Classification and Segmentation in
Radiology

The main purpose of the application of CNNs is on
image classification and segmentation to ensure
proper identification of the disease area. Models such
as the U-Net have been widely applied in today's
world toward organ segmentation and identification
of tumor boundaries. These applications are crucial to
oncology, where tumor segmentation determines the
planning and the radiation therapy accurately. In the
work on glioma segmentation, CNNs resulted in
higher accuracy values over 0.80 dice coefficient,
which is a metric for accuracy in the segmentation of
the object; this means that a high overlap exists
between the predicted area of the tumor and the real

area.
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5.1.2 Applications in Dermatology, Ophthalmology,
and Pathology

Not only in radiology, but in dermatology and
ophthalmology as well, CNNs prove to be a
transformation. In dermatology, CNN depicts skin
lesions with a very high degree of accuracy and thus
helps specialists in the early detection of melanoma
amongst the most deadly type of skin cancers.
Similarly, in ophthalmology, CNN models have been
used for the purpose of detecting diabetic retinopathy
by analyzing retinal images. Such applications reflect
the flexibility of CNNs in various domains that help
specialists detect anomalies with almost higher
precision.

5.2 Recurrent Neural Networks (RNNs) for
Sequential Healthcare Data

RNNs are required to analyze sequential healthcare
data primarily due to the fact that such data are most
often characterized by time-dependent variables.
RNNs encompass architectures designed to capture
temporal dependencies in data; these include, for
(LSTM)
networks that are ideal for monitoring patient vitals
over time. In ICU, LSTM models predict the

deterioration of a patient with the help of continuous

instance, Long Short-Term Memory

vital signs. As per a research paper published in the

journal Critical Care Medicine in the year 2020,

LSTM-based models decreased false alarm rates by 30%

and aligned the healthcare providers on actually
critical patients.

5.2.1 Time Series Analysis in ICU Monitoring

RNNs for Time Series Analysis-Tracking Patient
Conditions in Real-Time Time series analysis with
RNNs enables an effective follow up of the patient's
conditions. In other words, such models can predict
whether a patient will develop sepsis by analyzing
changes in his or her vital signs, thus alerting
clinicians to take preemptive actions. These models
are excellent at discerning the subtle patterns leading
to clinical deterioration, thus they are very helpful

during emergencies and intensive care.

Volume 6, Issue 6, November-December-2020 | http://ijsrcseit.com

5.22RNNs in Predicting Patient Outcomes Over
Time

Beyond medical trend prediction, RNNs are also
applied to long-term patient outcomes like the
propensity of dying and the progression of the disease.
For chronic diseases, RNN models can predict the
probabilities of events like hospital readmission in
time for intervention. To date, reports say that RNN
models can achieve over 80 percent predictive
accuracy when it comes to patient outcome
predictions. This presents a lot of hope for proactive
healthcare management.

5.3 Transformer Models in Genomics and Natural
Language Processing

The class of deep learning models supported by self-
attention mechanisms, called transformers, has
transformed the ability to analyze genomic and
clinical text data. This class of deep learning model is
outstanding in handling high-profile datasets with
challenging patterns and thus can be applied for
applications like gene sequence analysis or
summarizing electronic health records. For example,
the medical BERT model was fine-tuned for the
application in medicine for processing clinical notes
that could help determine patient diagnoses,
medication patterns, and even clinical outcomes.
5.3.1 Applications in Genetic Data Analysis
Transformers were quite successful in genomic
studies where they decoded DNA sequences to trace
the mutations responsible for inherited diseases. It is
the most valuable application in personalized
medicine, which understands the treatment plan
through understanding genetic predispositions. In the
of 2019,

transformer models can actually reach an accuracy of

early months a paper reports that
up to 92% in identifying mutations responsible for
breast cancer. This proved them to be a successful
tool for geneticists.

5.3.2 NLP for Processing Clinical Text Data
Transformers have standardized the processing of
clinical text using natural language processing by

extracting information without any difficulties from
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unstructured records. NLP models identify symptoms,
treatments, and disease progression that are
mentioned in EHRs, thus giving a 360-degree view of
patient history. Models based on BERT achieve up to
over 85% accuracy rates while being exposed to
training on clinical text; thereby, extracting accurate
insights in large sets of healthcare documentation.

6. Reinforcement Learning in Clinical Decision
Support Systems

6.1 Basics of Reinforcement Learning and Healthcare
Applications

Reinforcement learning is one of the primary
approaches for machine learning wherein agents
learn to make a decision on their actions with respect
to rewards or penalties, a framework that may well
optimize clinical decision-making. In healthcare, it's
used so as to optimize treatment protocols, dosing
medications, as well as patient management strategies.
The RL models learn from historical data, and based
on real-time patient response, they build dynamic
treatment pathways; it has helped physicians make
better evidence-based care plans.

6.2 Optimizing Treatment Plans and Protocols

6.2.1 Personalized Medication Dosing and Treatment
Pathways

RL techniques, including Q-learning and DQNs, have
been used to determine the optimal drug dose
administration to patients, reducing cases of adverse
drug reactions while increasing the number of
successful treatments. For example, in treating
diabetes, RL models help in setting insulin doses
against glucose tests such that major complications
caused by wrong timing and dosing compatibility can
be avoided.

6.2.2 Dynamic Decision-Making in Critical Care

In critical care, RL models make a contribution
toward real-time decision-making, helping in the
stabilization of patients with critical illnesses. For
instance, RL can be used to optimize ventilator
settings in mechanically ventilated patients, reducing
lung injury, yet ensuring that enough oxygenation is

delivered. Such dynamic decision-making aids in

Volume 6, Issue 6, November-December-2020 | http://ijsrcseit.com

better survival rates and reduced duration of stay in
the ICU.

7. Ethical Considerations and Challenges

7.1 Data Privacy and Security in Healthcare ML
Applications

The use of machine learning in the health sector also
arises issues relating to the privacy and security of
information. Healthcare information is wusually
sensitive and personal and thus requires special
privacy and security regulations that exist, such as
HIPAA in the United States. Solutions involving
machine learning application need to have strict
security means that ensure the patient's information
is not accessed without permission. Commonly used
techniques in addressing patients' privacy include
data encryption and de-identification. However,
protecting privacy conflicts with the need for access
to the data in order to enhance the accuracy of an ML
model.

7.2 Bias and Fairness in Model Development

7.2.1 Addressing Algorithmic Bias and Disparities in
Healthcare
Machine

perpetuate the biases in training data, resulting in

learning models would unknowingly
differential outcomes along demographic lines. For
instance, some models trained on a less diverse
dataset are known to perform worse on minority
populations. Curating a balanced dataset and using

fairness metrics for evaluation can rectify algorithmic

bias.
7.2.2 Fairness in Predictive Outcomes Across
Demographics

Fairness needs to be guaranteed, especially when it
comes to application areas such as risk stratification
or prognosis in predictive healthcare models.
Fairness-aware ML techniques would, therefore, help
avoid biased predictions that would keep penalizing
certain patient segments at large and, hence help
attain the ends of equitable care.

7.3 Interpretability and Explainability of ML Models
Translate clinical decisions into explainable models:

The model needs to be transparent because in the

[ 30 L



http://www.ijsrcseit.com/

Naveen Bagam Int J Sci Res CSE & IT, November-December-2020; 6 (6) : 373-386

clinical setting, decisions have to be interpretable to
gain clinician and patient trust. Techniques such as
SHAP-Shapley Additive Explanations and LIME-
Local Interpretable Model-agnostic Explanations
attribute feature importance to complex models to
make them more interpretable. For example, SHAP
may help explain why a predictive model flags that
particular patient high risk, thus supporting clinicians
to make further decision.

8. Technological Enablers and Infrastructure for ML
in Healthcare

8.1 High-Performance Computing and Cloud
Platforms

Machine learning models, particularly deep learning,
require immense amounts of computational powers
for their processing. HPC systems and cloud
platforms, among which are AWS, Google Cloud, and
Microsoft Azure, contribute immensely to the
HPC

environments create the scale-up analysis where

complex healthcare computations.
health providers and researchers are freed from their
hardware confines as they work with large datasets.
For instance, whereas in another environment the
running training algorithms might take weeks, this
would take only hours on an HPC or a cloud
infrastructure, hence reducing further the time it
takes to create and deploy the models. In addition to
this, scalability is possible due to the cloud platforms
because it allows to update the models in real time
using new data which improves the prediction
accuracy continually.

8.2 Data Storage and Management Systems for
Healthcare Data

Health data, including EHRs, imaging data, and
genetic information, are of particular importance and
consist of highly structured datasets with low
scalability. As such, current databases or traditionally
developed ones seem inappropriate for storing and
processing this amount of data. It reflects increased
attention where reliance has been shown over
NoSQL databases, data lakes, and even distributed

storage systems that could absorb enormous amounts
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of unstructured data. For example, there is an
extremely common framework used in parallel
processing huge datasets such as Apache Hadoop and
Apache Spark, which further enhances the efficiency
of data handling.

Healthcare data management systems must also
include secure access and ease, simplicity in the
exchange of data between departments and
institutions to provide better integrated care for
patients. Distributed Ledger technologies like
blockchain are also being applied to ensure safety in
data exchange and patient privacy while allowing
maximum integrity in data with full transparency.

8.3 Emerging Technologies: Federated Learning and
Edge Computing

Perhaps the federated learning and edge computing
are the two emerging technologies that have solved
privacy and latency issues associated with health data
processing. Federated learning is a new concept
whereby a machine learning model is trained over
decentralized data without transferring the data to
central servers, keeping confidentiality of the
patients intact. This approach is very useful in
healthcare, where sensitive data are spread across
multiple sites. For instance, many hospitals can train
a predictive model on patient data without ever
sharing that patient data with a shared platform that
optimizes accuracy for the model, thus complying
with regulatory requirements.

Edge computing, on the other hand, encourages more
direct computation nearer to where data is sourced-
farther away from a wearable device or a hospital
machine-and less data transfer to a central center in
large swaths. This is a highly critical requirement for
such real-time applications, such as remote patient
monitoring, where processing and feedback must
occur on the fly. Health care organizations can
develop secure efficient and responsive ML
infrastructure specifically for solving patient care
needs using federated learning in conjunction with

edge computing.
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9. Evaluation Metrics and Validation in Healthcare
Machine Learning

9.1 Common Metrics for Model Evaluation (Accuracy,
AUG, Sensitivity, Specificity)

One has to choose proper metrics of evaluation for
the model so as to assess whether the model is
reliable and applicable in the health care sector.
Commonly most used metrics include accuracy, AUC
of ROC, sensitivity, or specificity. Accuracy measures
the proportion of correct classifications produced
among the total instances considered so as to present
a general snapshot of performance. However, in
health care accuracy sometimes not enough due to
imbalances of classes, because events are frequent;
some diseases much less frequent than others.

AUC of ROC curve used widely for classification
measures which check whether the model can
distinguish between classes. The highest value of
AUC means better performance; almost perfect
values close to 1.0 separate positive and negative
cases. Sensitivity, which can also be referred to as the
true positive rate, and specificity or the true negative
rate further elaborate on how well a model is at
predicting correct positives and not being proven
wrong with false positives, respectively. Most cancer
diagnosis situations often call for a high sensitivity at
the expense of sometimes causing false positives,
especially when only a few will turn out to be

cancerous later.

Comparison of Model Performance Metrics
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9.2 Cross-Validation Techniques for Healthcare Data
Cross-validation is among the standard methods that
are used to check how generalizable a model is in

health care applications; in general, accuracy of a
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model in unseen data is highly very important. These

techniques, for example k-fold cross-validation,
divide the set of data into k pieces, and then train the
model k times, since for one subset, the model leaves
out to be a validation set and uses the remaining for
training. This helps in preventing overfitting such
that the model will generalize well to new data
points outside of the training set. For smaller
healthcare datasets, one typically uses cross-
validation leave-one-out, where training happens on
all the data except for one in every iteration that is
used for testing.

It can be directly applied in such health sectors,
whose datasets are imbalanced. It might guarantee
that folds consist of closely related proportions of
classes (patients with and patients without a
particular condition), thus ensuring the evaluation is
stratified better than were one class to dominate a
subset and hence create skewed results.

9.3 Real-World Validation and Clinical Trial
Simulations

Real-world validation is one of the most critical steps
towards the clinical effectiveness of machine learning
models. Real-world validation is different from more
conventional validations: it exposes models to testing
not just in an environment other than that where, say,
the patient is hospitalised with potential variability of
data and unseen factors that may have an adverse
effect on a model's performance. This aside, in the
execution of delivering reliability, very testy and
stringent  exercises  within  the  real-world
environment, such as within the hospital or clinics
are also accorded towards the ML models about
various data inputs and people-related demographics.
Clinical trials simulations provide for higher degrees
of wvalidation, mainly applied to high-stakes
applications such as drug discovery and treatment
recommendation models. These in essence simulate
real clinical trials by running them on patient data so
that the model can be adequately tested before actual
deployment. For instance, virtual clinical trials may

simulate a cohort of patients to assess the possible
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outcomes of a recommendation model for drug
dosages, where improvements and finalization could
be done before this model was integrated into real-
life scenarios. This double validation via real-world
validation and simulation of clinical trials will ensure
that health care ML models are robust, reliable, and
ready for integration into clinical workflows.

10. Conclusion

10.1 Summary of Key Findings

The paper has discussed, outlined, and highlighted
the tremendous transformative potential of machine
learning on healthcare as applied across various
domains including predictive diagnostics, patient
outcome predictions, and personalized treatment
pathways. From supervised and unsupervised
learning to deep learning and reinforcement learning,
ML techniques have shown humongous potential in
enhancing healthcare delivery and patient outcomes.
10.2 Implications for Healthcare Practitioners and
Policy Makers

For healthcare professionals, the ML applications
open their doors to supplement clinical judgment and
improve diagnostic accuracy and patient care.
However, for the successful implementation, such a
thing has to be well-understood and well-trained for
while ensuring all considerations about ethics are
brought into action. For policy-makers there is a
great need to come up with absolute regulatory
frameworks to handle issues in relation to patient
protection privacy and encourage fair models and
issues of transparency in the health care systems led
by ML.

10.3 Final Remarks on the Future of ML in
Healthcare

Health care with machine learning is an upcoming
field of great potential. Hence, what unfolds in the
years to come are research towards achieving
integration and interpretability, all within regulatory
compliance for these machine learning models to
become inevitable tools in standard medical practice.
As the future promises of ML in healthcare go along

with continuous research and collaboration across

Volume 6, Issue 6, November-December-2020 | http://ijsrcseit.com

disciplines, it goes further to change the aspect of
delivering health care: predictive, precise, and

personalized.
REFERENCES

[1]. Beam, A. L., & Kohane, I. S. (2018). Big data and
machine learning in health care. JAMA, 319(13),
1317-1318.

[2]. Chawla, N. V., & Davis, D. A. (2013). Bringing
big data to personalized healthcare: A patient-
centered framework. Journal of General Internal
Medicine, 28(3), 660-665.

[3]. Ching, T., Himmelstein, D. S., Beaulieu-Jones, B.
K., Kalinin, A. A, Do, B. T.,, Way, G. P., ... &
Greene, C. S. (2018). Opportunities and obstacles
for deep learning in biology and medicine.
Journal of the Royal Society Interface, 15(141).

[4]. Deo, R. C. (2015). Machine learning in medicine.
Circulation, 132(20), 1920-1930.

[5]. Esteva, A., Kuprel, B., Novoa, R. A., Ko, ],
Swetter, S. M., Blau, H. M., & Thrun, S. (2017).
Dermatologist-level classification of skin cancer
with deep neural networks. Nature, 542(7639),
115-118.

[6]. Futoma, J., Simons, M., Panch, T., Doshi-Velez,
F., & Celi, L. A. (2018). The myth of
generalisability in clinical research and machine
learning in health care. The Lancet Digital
Health, 2(9), e489-e492.

[7]. Ghassemi, M., Naumann, T., Doshi-Velez, F.,
Brimmer, N., Joshi, R., Rumshisky, A., &
Szolovits, P. (2014). Unfolding physiological
state: Mortality modelling in intensive care
units. KDD: Proceedings of the International
Conference on Knowledge Discovery & Data
Mining, 75-84.

[8]. Gulshan, V., Peng, L., Coram, M., Stumpe, M. C.,
Whu, D., Narayanaswamy, A., ... & Webster, D. R.
(2016). Development and validation of a deep

learning algorithm for detection of diabetic

[ 3g5 L



http://www.ijsrcseit.com/

Naveen Bagam Int J Sci Res CSE & IT, November-December-2020; 6 (6) : 373-386

retinopathy in retinal fundus
JAMA, 316(22), 2402-2410.

[9]. He, J., Baxter, S. L., Xu, J., Xu, J., Zhou, X., &
Zhang, K. (2018). The practical implementation

photographs.

of artificial intelligence
medicine. Nature Medicine, 24(1), 30-36.

[10].Johnson, A. E., Ghassemi, M. M., Nemati, S.,
Niehaus, K. E., Clifton, D. A., & Clifford, G. D.
(2016). Machine learning and decision support in
critical care. Proceedings of the IEEE, 104(2),
444-466.

[11].Kononenko, I. (2001). Machine learning for

medical diagnosis: History, state of the art and

technologies in

perspective. Artificial Intelligence in Medicine,
23(1), 89-109.
[12].LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep
learning. Nature, 521(7553), 436-444.
[13].Miotto, R., Li, L., Kidd, B. A., & Dudley, J. T.
(2016).

representation to predict the future of patients

Deep patient: An unsupervised
from the electronic health records. Scientific
Reports, 6(1), 1-10.

[14].Obermeyer, Z., & Emanuel, E. J.
Predicting the future—big data,

(2016).

machine

learning, and clinical medicine. New England
Journal of Medicine, 375(13), 1216-1219.

[15].Rajkomar, A., Oren, E., Chen, K., Dai, A. M,,
Hajaj, N,, Liu, P. ], ... & Dean, J. (2018). Scalable
and accurate deep learning for electronic health
records. NPJ Digital Medicine, 1(1), 1-10.

[16].Abadi, M., Barham, P., Chen, J., Chen, Z., Davis,
A., Dean, J., ... & Zheng, X. (2016). TensorFlow:
A system for large-scale machine learning. In
Proceedings of the 12th USENIX Symposium on
Operating Systems Design and Implementation,
265-283.

[17].Shickel, B., Tighe, P. ]J., Bihorac, A., & Rashidi,
P. (2018). Deep EHR: A survey of recent
advances in deep learning techniques for

electronic health record (EHR) analysis. IEEE

Journal of Biomedical and Health Informatics,

22(5), 1589-1604.

Volume 6, Issue 6, November-December-2020 | http://ijsrcseit.com

[18].Sun, J., McNaughton, C. D., Zhang, P., Perer, A.,
Gkoulalas-Divanis, A., Denny, J. C., ... & Malin,
B. A. (2014). Predicting changes in hypertension
control using electronic health records from a
chronic disease management program. Journal of
the American Medical Informatics Association,
21(2), 337-344.

[19].Wiens, ]J., & Shenoy, E. S. (2018). Machine
learning for healthcare: On the verge of a major
shift in healthcare epidemiology. Clinical
Infectious Diseases, 66(1), 149-153.

[20].Yu, K. H., Beam, A. L., & Kohane, I. S. (2018).
Artificial intelligence in healthcare. Nature
Biomedical Engineering, 2(10), 719-731.

[21].Sai Krishna Shiramshetty "Integrating SQL with
Machine Learning for Predictive Insights" Iconic
Research And Engineering Journals Volume 1
Issue 10 2018 Page 287-292

[22].Sai Krishna Shiramshetty, " Data Integration
Techniques for Cross-Platform  Analytics,
IInternational Journal of Scientific Research in
Computer Science, Engineering and Information
Technology(IJSRCSEIT), ISSN 2456-3307,
Volume 6, Issue 4, pp.593-599, July-August-
2020. Available at doi :
https://doi.org/10.32628/CSEIT2064139

[23].Sai Krishna Shiramshetty, "Big Data Analytics in
Civil Engineering : Use Cases and Techniques",
International Journal of Scientific Research in
Civil Engineering (IJSRCE), ISSN : 2456-6667,
Volume 3, pp.39-46, January-
February.2019 URL :
https://ijsrce.com/IJSRCE19318

Issue 1,

[ 386 L



http://www.ijsrcseit.com/

