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Recently, health-related data has been analyzed using a variety of
cutting-edge methods, including artificial intelligence and machine
learning. The application of machine learning technologies in the
healthcare industry is enhancing medical professionals' proficiency in
diagnosis and treatment. Researchers have extensively used medical
data to identify patterns and diagnose illnesses. Nevertheless, little
research has been done on using machine learning algorithms to
enhance the precision and usefulness of medical data. An extensive
analysis of the many machine learning methods applied to healthcare
applications is given in this work. We first examine supervised and
unsupervised machine learning techniques, and then we investigate the
applicability of time series tasks on historical data, evaluating their
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appropriateness for datasets of varying sizes.

1. Introduction

The healthcare service system plays a crucial
role in the medical domain, addressing significant
demands on human life. To advance, healthcare
providers in developing countries are increasingly
adopting intelligent technologies such as artificial
intelligence (Al) and machine learning. The
integration of Al has spurred advancements in
human-centered  healthcare  systems. Al
technologies have notably influenced the
development of intensive care and supervisory
activities in hospitals and clinics [1-3].

Extensive research by Jafar Abdollahi since
2019 has highlighted the successful application of
Al, including machine learning and deep learning,
in medical image and healthcare analysis. His
research covers a range of conditions such as
bupropion, diphenhydramine, breast cancer,
medicinal plants, epidemics, stroke, lung cancer,
social networks, diabetes, suicides, coronary artery
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disease, and more, demonstrating promising results
[2-5].

Machine learning, an automated process that

enables computers to learn and improve
performance without explicit programming, is
central to these advancements. Unlike systems
reliant on preset rules, machine learning utilizes
complex algorithms and statistical techniques to
analyze data and make accurate predictions. The
dataset's quality is critical for machine learning
accuracy, leading to more precise forecasts as the
data improves [3,18].
Machine learning has found applications across
various industries, including banking, retail, and
healthcare. In healthcare, it offers significant
opportunities for disease detection and treatment.
One of its key benefits is enhancing the accuracy
of data forecasting and classification, which is
particularly valuable in medical analysis. As more
data is collected, the prediction model's ability to
make precise decisions improves.
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Overall, the healthcare service system is vital
in addressing human needs, and advanced
technologies like Al and machine learning are
instrumental in advancing and refining healthcare
services. The integration of Al has led to
significant developments in human-centered
healthcare systems. Since 2019, Jafar Abdollahi’s
research has demonstrated the successful
application of Al in diagnosing various diseases
and analyzing medical images, yielding
encouraging results across multiple conditions.

2. OVERVIEW OF MACHINE-LEARNING IN
HEALTHCARE

Machine learning, a branch of artificial
intelligence, focuses on using data to train
algorithms so they can act or anticipate without
explicit programming. Machine learning has the
ability to completely change how the healthcare
sector recognizes, treats, and prevents diseases, as
seen in Figure 1. The following are a few possible
uses of machine learning in the medical field [4,19]:
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Fig 1 illustrates, machine learning has the power to radically
alter how we identify, manage, and prevent diseases in the
healthcare industry [19].

A. Predictive analytics:  Utilizing information
from claims data, electronic health records, and
other sources, machine learning algorithms can
forecast the probability of certain health
outcomes, like hospital readmissions or the
onset of chronic illnesses. This capacity permits
early preventative treatments and enables
medical practitioners to identify individuals
who are more likely to have negative effects
[6,20].

B. Diagnosis and treatment: Diagnoses and the
best course of treatment for a patient can be
made with the assistance of machine learning
algorithms that have been trained on medical
images, such as CT scans and X-rays [5,21].

C. Personalized medicine: Using unique patient
variables like genetics and medical history,
machine learning may be used to forecast
which drugs a patient is most likely to react to
[7,22].

D. Clinical decision support: Clinical decision
support systems may incorporate machine

Patient remote monitoring
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learning algorithms to help medical personnel
make better decisions about patient care [8, 23].

E. Population health management: Data from huge
populations may be analyzed using machine
learning to find trends and patterns that can
guide the creation of public health programs.
All things considered, using machine learning
to healthcare might lead to better patient
outcomes, lower costs, and increased system
efficiency [9, 24].

3. REVIEW OF MACHINE LEARNING

The two main subcategories of machine
learning are supervised learning and unsupervised
learning, as seen in Figure 2. In order to forecast
future results, supervised learning algorithms are
trained with input and output data from previous
occurrences. Unsupervised learning algorithms, on
the other hand, find underlying structures or hidden
patterns in the given data without the need for pre-
existing labels. Unsupervised learning mostly
concentrates on clustering tasks, whereas
supervised learning is appropriate for both
classification and regression problems [10- 13].
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Fig 2. Supervised learning and unsupervised learning are the
two primary subcategories of machine learning [13].

Classification algorithms, which predict
categorical outcomes, are a subset of supervised
machine learning approaches. Unlike unsupervised
learning, supervised learning relies on known and
labeled training data. The data is divided into
training and testing sets [14-17]. Classification
algorithms sort incoming data into distinct
categories to make predictions. Supervised machine
learning is commonly applied in fields such as
speech recognition, medical image interpretation,
and heart attack prediction [7, 18].
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Using the supplied training data, categorization
models are created in supervised learning. Then, more
unlabeled data can be classified by these models. One
output variable from the training dataset needs to be
categorized. In order to categorize the test data,
classification algorithms first recognize unigue patterns
in the training data [13]. Neural networks, decision trees,
naive Bayes, K-nearest neighbors, and support vector
machines are examples of common classification
techniques.

A. Supervised Machine Learning

e Decision Trees(DT)

A decision tree classifier uses a tree-like diagram to
illustrate possible outcomes, final values, and options.
This method involves computing the probabilities of
selecting different actions through a computer
algorithm. The process begins with samples of training
data and their associated category labels. The decision
tree method recursively partitions the training data into
subsets based on feature values, resulting in subgroups
with more homogeneous data compared to the parent set
[19, 25].

~
U, oo }

Decision Node ~ Sub-
Tree |

Decision Node

&

© Leaf Node Decision Node Leaf Node

Leaf Node ‘

v \

Leaf Node Leaf Node

Fig 3. Visual illustration of the DT algorithm [13]

In a decision tree, every internal node denotes a test
feature, every branch node shows the test's outcome, and
every leaf node shows the class label. The decision tree
classifier classifies an unknown sample using the route
from a root node to a leaf node, and it utilises this path
to derive the category label [15-17].

e Support Vector Machine (SVM)

The Support Vector Machine (SVM) is a classical
machine learning method used for addressing
classification problems. SVM plays a vital role in
supporting a wide range of applications in extensive data
mining environments [30]. It leverages specific
characteristics of a model to train data and generate
accurate predictions from a given dataset [20-22].
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Fig 4. Visual illustration of the SVM algorithm [22].

Support Vector Machine's mathematical intuition:
Think of a binary classification task where there are two
classes, denoted by the labels +1 and -1. The input
feature vectors (X) and the matching class labels ()
comprise our training dataset. The equation for the linear
hyperplane can be written as:

wW'x+b=0 @

The direction perpendicular to the hyperplane, or the
normal vector, is represented by the vector W. The
offset, or distance, of the hyperplane from the origin
along the normal vector w is represented by the
parameter b in the equation. The distance between a
data point x;and the decision boundary can be calculated
as:

d =—"" (2)

where ||w/|| represents the Euclidean norm of the weight
vector w. Euclidean norm of the normal vector W.

¢ Naive Bayes (NB)
An approach that is frequently used for classification
jobs is the Naive Bayes algorithm. It is one of the most
basic types of Bayesian networks since it is predicated
on the idea that there is a single parent node with a finite
number of independent child nodes. As shown in Figure
6, the Naive Bayes technique multiplies the individual
probabilities of each attribute-value combination to
determine the probability of a classification. This
approach works incredibly well in cases where the
qualities are independent. The Naive Bayes method's
effective computational training time is one of its main
benefits. The classification performance of the algorithm
can also be improved by eliminating unnecessary
characteristics [23-26].
1
P(y - 1| X) - 1+ e*(ﬁo*ﬂlxﬁﬁzu*---*ﬁnm

8

e P(c|x) = Posterior probability the
probability of class C given the features X.

e P(X|C) = Likelihood the probability of the
features X given the class C.
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e P(c) = Class Prior Probability the probability
of the class C occurring.

e P(x)= Predictor Prior Probablility the
probability of the features X occurring.

e K-Nearest Neighbours (K-NN)

In data mining classification technology, the K-
nearest neighbors (K-NN) classification technique is a
straightforward and intuitive method. The K-NN
algorithm operates on the principle that an unknown
pattern can be classified by considering the K nearest
neighbors. By specifying a value for K, the algorithm
identifies the category based on the majority class of the
K training samples most similar to the unknown pattern.
Factors such as the chosen K-value and the distance
metric play crucial roles in the performance of the
classifier [27].

Eculidean=
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Fig 5. Visual illustration of the KNN algorithm [27].

One advantage of the K-NN method is its relatively
low training time compared to other machine learning
algorithms.  However, it may require more
computational time during classification. Despite this,
K-NN is favored for its simplicity and ease of use in
classification tasks. It is particularly effective when
dealing with datasets that have multiple class labels.
Additionally, the data training phase of K-NN tends to
be faster than that of other machine learning algorithms
[27, 28].

e Linear Regression (LR)

Linear regression is a straightforward and
commonly used method for quantifying the relationship

between response variables and continuous predictors.
Its simplicity makes it an optimal choice for analyzing
small datasets with high accuracy, as it is relatively easy
to understand and interpret. However, if there is an
excessive humber of predictor variables, the model may
struggle to produce reliable results and might not
provide the desired outcome [29-31].

y= :Bo + ﬂ1X+ € (7)
Where:

e The dependent variable, often known as the
target or outcome variable, is Y.

o The independent variable, often known as the
predictor or feature, is X.

e The value of y when x=0 is the regression
line's intercept, or po.

e The regression line's slope, or the change iny
for every unit change in x, is 1.

e The error term, denoted by ¢, is the
discrepancy between the observed and model-
predicted values.

e Logistic Regression (LR)

Unlike linear regression, which predicts continuous
data, logistic regression is primarily used for predicting
discrete class labels. In classification problems, logistic
regression estimates the probability of a sample
belonging to one of two possible categories. This is
achieved by applying a logistic function, which maps the
predicted values to a binary outcome of either 0 or 1.
Consequently, logistic regression can indicate the
category to which a sample belongs based on the output
variable. Researchers have utilized logistic regression to
predict health-related behaviors [32-35].

1
P(y=1]x) = 1+ o BothatBosa++Fu ©

Where:

e P(y=1Ix) is the probability that the dependent
variable y is 1 given the independent variables
x1,x2,...,xn.

e B0 isthe intercept (the bias term).

e BL,PB2,....pn are the coefficients for the
independent variables x1,x2,...,xn

e eis the base of the natural logarithm
(approximately equal to 2.718).

e Ensemble Methods

Ensemble methods leverage the strengths of
multiple machine learning algorithms rather than relying
on a single algorithm. By combining and integrating
various models, ensemble approaches enhance the
overall learning process. One key advantage of
ensemble methods is their ability to achieve high
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predictive accuracy, which can be superior to that of
individual models. However, this increased accuracy
often comes at the cost of a more complex training
process, which can impact efficiency [36, 37].
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Fig 6. Visual illustration of the Ensemble algorithm [36].

Currently, two common types of ensemble learning
technigques are bagging-based methods and boosting-
based methods. For instance, Random Forest is a
representative algorithm of bagging, while Adaboost,
Gradient Boosting Decision Trees (GBDT), and
XGBoost are examples of boosting-based algorithms
[38, 39].

e Support Vector Regression (SVR)

An examination of the connection between one or
more independent variables and a continuous dependent
variable is done using the supervised regression
approach known as support vector regression (SVR).
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Fig 7. Visual illustration of the SVR algorithm.

While linear regression techniques depend on certain
model assumptions, support vector regression (SVR)
focusses on identifying the significance of variables in
order to describe the connection between inputs and
outputs. By keeping the inaccuracy within a certain
tolerance margin, this method improves the modelling
and prediction of continuous data [33].

B. Unsupervised Machine Learning

Unsupervised machine learning techniques use
sophisticated models with millions of parameters to

analyze vast quantities of unlabeled data in a highly non-
linear manner. These methods are popular tools for
clustering and exploratory data analysis, allowing for the
discovery of hidden patterns within the data. Unlike
supervised learning, which relies on labeled data,
unsupervised learning draws inferences from datasets
that lack explicit output labels. Key applications of
unsupervised learning include market research, item
recognition, and DNA sequence analysis [34].

Putting incoming data into meaningful categories
based on similarities and features rather than
predetermined labels is the fundamental idea behind
unsupervised learning. This is grouping data according
to innate patterns instead of precise categorizations.
Hard clustering and soft clustering are the two primary
categories of clustering techniques. While soft clustering
permits data points to belong to numerous clusters with
differing degrees of membership, hard clustering
allocates each data point to a single cluster. Popular
techniques for unsupervised machine learning are
covered in the section that follows [40, 41].

A. K-Means

K-means is a well-liked unsupervised learning
method that is effective and straightforward for handling
clustering issues. By minimizing the total squared
distances between each point and the centroid of its
designated cluster, the K-means method divides data
points into kkk clusters. This technique is popular for a
variety of clustering applications because it effectively
divides data into clusters with low intra-cluster variance
[42, 43].

B. K-Medoids

Unlike K-Means, which uses the mean value of data
points in a cluster as a reference point, K-Medoids
employs actual data points as the central objects, or
medoids, to determine cluster centers. K-Medoids
assigns each data point to the nearest medoid and builds
clusters around these central objects. Although K-
Medoids can produce conflicting results depending on
the initial medoids, it is less sensitive to outliers and can
adapt cluster memberships more effectively than K-
Means [44, 45].

C. Using Hierarchical Grouping

One popular technique in data mining for cluster
analysis is hierarchical cluster analysis (HCA), also
referred to as hierarchical clustering. By comparing the
traits inside each cluster, it seeks to establish a
hierarchical structure of clusters. This methodology
creates tiered sets of clusters repeatedly, resulting in a
diagram that resembles a tree called a dendrogram. The
relationships between data points and clusters are
visually represented by the dendrogram, where each
level denotes a distinct stage of cluster development [46-
49].
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Table 1. Gives a quick overview of the pros and cons of each algorithm in a clear and concise manner [46-49].

SUPERVISED UNSUPERVISED
Algorithms Pros Cons Algorithms Pros Cons
Easy to interpret, Fast, scalable, Sensitive to
handles both @ 5 and works well | initial centroids
categorical and 23 with large and outliers,
numerical data, 2. E < datasets. struggles with
DT works well with 2= ° = Effective for clusters of
. o . . .
non-linear data. 825 @ spherical varying sizes or
5 S a clusters. densities, and
3 § assumes
2Le spherical
clusters.
Effective in high- Computationally More robust to Slower and
dimensional spaces, intensive, less = outliers and noise more
robust to outliers, effective with = compared to K- | computationally
SVM and works well with | large datasets, and ) Means, as it uses intensive than
clear margin difficult to 8‘ medoids instead K-Means,
separation. interpret. & of means. especially with
large datasets.
Simple to Computationally Does not require | Computationally
implement, no expensive with C the number of expensive,
training phase, large datasets, 2 clusters to be especially for
KNN effective with small sensitive to ‘; specified, large datasets,
datasets. irrelevant features, =3 provides a and sensitive to
and storage- 2 hierarchy of noise and
intensive. S clusters, and can outliers.
. —— 8 capture complex
_ Simple and Assume_s _Imearlty, o cluster structures.
Linear |nterpreta_1ble,_ works sensitive to 3
R . well with linear outliers, and may =
egression ; . - =3
relationships, and | underperform with =
easy to implement. non-linear data.
Interpretable, works | Assumes linearity,
well with binary struggles with
Logistic classification, and complex
Regression can handle linear relationships, and
decision boundaries. sensitive to
outliers.
Combines multiple | More complex and
models to improve computationally
performance, expensive, less
I?\;I]Zf&?;se reduces_ overfitting, interp_retable, and
and increases requires careful
accuracy and tuning.
robustness.
Effective for Similar challenges
regression with as SVM, including
SVR high-dimensior_1al computqtional
data, robust against complexity, and
overfitting in high- less intuitive to
dimensional spaces. interpret.
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The table compares various algorithms, highlighting
that Decision Trees are easy to interpret and handle
different data types but are prone to overfitting. SVM is
effective in high-dimensional spaces but is
computationally intensive. KNN is simple and effective
with small datasets but struggles with large datasets and
irrelevant features. Linear and Logistic Regression are
interpretable and handle linear relationships well but are
limited by their assumption of linearity and sensitivity to
outliers. Ensemble Methods improve accuracy and
reduce overfitting by combining models but are more
complex and less interpretable. SVR shares SVM's
strengths in high-dimensional regression but also its
computational challenges. K-Means is fast and scalable
but sensitive to outliers and initial centroids, while K-
Medoids is more robust to outliers but slower.
Hierarchical Grouping captures complex structures
without needing a preset number of clusters but is
computationally expensive and sensitive to noise.

4. EVALUATION MATRIX OF SUPERVISED
CLASSIFICATION ALGORITHMS

Three standard measures are used to assess the
performance of supervised classification algorithms:
specificity, sensitivity, and accuracy. Specificity is the
amount of true negative data points identified in actual
negative data points (TP = true positive, TN = true
negative, FN = false negative, and FP = false positive);
accuracy is the percentage of prediction rate in the
model; and sensitivity is the amount of true positive
data points correctly identified in actual positive data
points [3- 5].

Accuracy: A category's accuracy is calculated by
dividing its "correct predictions made" total by the
number of "total predictions made" by a category that is
similar.

TP +TN
Accuracy = )
TP+ FP+TN + FN

Sensitivity: Real positive rate: If the individual has a
positive result, the model will be positive in a tiny
fraction of situations, according to the formula below.

Sensitivity =

(10)
TP +FN

Specificity: If the person gets a poor result, it will only
happen in a tiny portion of situations. This is calculated
with the following formula [50-53].

TN
Specificity = (1)
N

+FP

5. DISSCUSION

Healthcare has shown considerable promise
for both supervised and unsupervised machine learning

technologies. The applications of these approaches vary
based on the type of data and the specific tasks at hand,
each with its own advantages and limitations.

With supervised learning, a model is trained
using labeled data in order to forecast outcomes based
on input features [65-67]. It has been widely applied in
the medical field to diagnose, classify, and predict
prognoses [68-70]. To predict cardiovascular risk,
identify malignant cells, and classify medical images,
for instance, supervised learning algorithms such as
decision trees, logistic regression, and support vector
machines have been used [71-75]. Supervised learning
is useful, but it needs a lot of labeled data, and it can be
biased if the training set isn't typical of the general
population.

On the other hand, unsupervised learning makes use of
unlabeled data to train a model that, in the absence of
explicit guidance, finds patterns and correlations on its
own [14, 15, 16]. This method works well in the
medical field for tasks like clustering, anomaly
detection, and feature extraction [54-57]. For example,
K-means clustering techniques have been used to
identify uncommon conditions, extract pertinent
information from medical images, and classify patients
based on shared features [58-60]. Unsupervised
learning, however, occasionally yields outcomes that
are difficult to interpret and are not clinically relevant.

Thus, there are clear advantages and
disadvantages to both supervised and unsupervised
learning in the healthcare industry. The particular task
at hand, the type of data, and the resources at hand all
influence which of these approaches is best. Machine
learning will be essential to enhancing patient outcomes
and advancing medical research as long as healthcare
data is available.

Machine learning algorithms each have
distinct strengths and weaknesses in medical health
applications. Decision Trees are easy to understand but
can overfit and be biased. Random Forests reduce
overfitting but can become complex and resource-
intensive. Support Vector Machines (SVM) perform
well in high-dimensional spaces but are expensive and
hard to interpret. Neural Networks capture complex
patterns across various data types but require significant
resources and are often seen as a "black box." K-Nearest
Neighbors (KNN) is simple and flexible but
computationally expensive and sensitive to irrelevant
features. Logistic Regression is efficient and
interpretable but limited to linear relationships.
Gradient Boosting Machines (GBMs) offer high
accuracy but are prone to overfitting and are complex to
implement. Principal Component Analysis (PCA)
reduces dimensionality effectively but may lose
important information, while Naive Bayes is efficient
but struggles with correlated features due to its
assumption of independence [61-64].
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Table 2. summarizing the strengths and weaknesses of machine learning algorithms in medical health, along with references for each

aspect [61-64].

ASPECT STRENGTHS WEAKNESSES REF
Decision - Simple to understand and interpret. - Prone to overfitting, especially with [25]
Trees - Useful for classification tasks with complex data.

clear decision rules. - Can be biased towards features with more
levels.
Random - Reduces overfitting by averaging - Computationally intensive. [26]
Forest multiple decision trees. - Model can become complex and less
- Handles large datasets with higher interpretable.
accuracy.
Support - Effective in high-dimensional - Memory and computationally expensive. [27]
Vector spaces. - Difficult to interpret results and tune
Machines - Works well for classification hyperparameters.
(SVM) problems with clear margins.
Neural - Capable of capturing complex - Requires large amounts of data and [28]
Networks patterns in data. computational resources.
(ANNSs) - Suitable for various types of data - Can be seen as a "black box" with poor
including images and texts. interpretability.
K-Nearest - Simple to implement and - Computationally expensive with large [29]
Neighbors understand. datasets.
(KNN) - Flexible and adaptable to different - Sensitive to irrelevant features and the
types of data. choice of 'K'.
Logistic - Provides probabilistic outputs and is | - Assumes a linear relationship between [30]
Regression easy to interpret. features and the log odds of the outcome.
- Computationally efficient for binary | - Limited to binary classification without
classification. extensions.
Gradient - Provides high prediction accuracy. - Prone to overfitting if not tuned properly. [31]
Boosting - Can handle various types of data and | - Computationally expensive and complex to
Machines feature interactions. implement.
(GBMs)
Principal - Reduces dimensionality while - May discard useful information. [32]
Component retaining most variance in data. - Difficult to interpret principal components.
Analysis - Simplifies models and speeds up
(PCA) computation.
Naive Bayes | - Simple and efficient for large - Assumes feature independence, which may | [33]
datasets. not hold true.
- Good performance with small to - Less accurate with highly correlated
moderate-sized datasets. features.
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6. CONCLUSION

In conclusion, the application of machine learning
algorithms in healthcare offers significant potential
to enhance diagnostic accuracy and treatment
effectiveness. As highlighted in this review,
different algorithms come with their own strengths
and limitations. For instance, while decision trees
and ensemble methods provide interpretability and
improved accuracy through model combinations,
they can suffer from overfitting and complexity.
On the other hand, algorithms like SVM and SVR
excel in handling high-dimensional data but
require substantial computational resources.
Simpler algorithms such as KNN and logistic
regression, though effective in specific contexts,
face challenges with scalability and handling non-
linear relationships.

Moreover, unsupervised techniques like
K-Means and hierarchical grouping offer valuable
insights into data patterns without requiring labeled
datasets, but they can be sensitive to initial
conditions and computationally intensive. The
review underscores the importance of selecting the
appropriate algorithm based on the specific
characteristics of the healthcare data at hand,
whether it involves small or large datasets, linear
or non-linear relationships, or the need for
scalability and robustness. Ultimately, the
integration of these machine learning models into
healthcare systems must consider these trade-offs
to optimize patient outcomes and improve the
efficiency of medical practices.
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