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ABSTRACT

Machine Learning (ML) continues to evolve rapidly, with revolutionary advancements emerging daily. Its pervasive impact
extends across multiple sectors, including healthcare, finance, security, and business management, where it extracts value
from previously untapped data reservoirs. Despite the burgeoning growth, there remains a significant void in the literature
that concisely details the principles of ML algorithms and offers assistance for optimal model selection tailored for a given
scenario. This paper fills this gap by providing an exhaustive review of supervised and unsupervised ML models. Through
an in-depth analysis encompassing algorithmic intricacies, applications, strengths, weaknesses, ideal-case scenarios,
pitfalls, essential preprocessing requirements, and suitability (SWiPES), this research provides an understanding of the
intricate landscape of ML models. A critical contribution is the provision of strategic visualizations that succinctly
encapsulate the SWiPES of each model, aiding in the swift identification of the most fitting model for a given real-world
scenario. Furthermore, this paper provides a practical blueprint, a compass for researchers, practitioners, and ML
enthusiasts, facilitating them to make informed decisions about the most appropriate model based on specific problem
domains and dataset characteristics. This research intends to be the definitive ML review, unlocking the potential for
precision and insight in navigating the complicated landscape of machine learning.
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INTRODUCTION

ACHINE Learning (ML) is a subset of artificial
intelligence that employs statistical techniques and
algorithms to enable machines to make human-like deci-
sions [1] by gathering experience from vast data analysis.
Speech Recognition [2], Natural Language Processing [3],
and Computer Vision [4] are currently the most trending
fields of ML. In speech recognition, ML has enabled com-
puters to [ 5] transcribe spoken words and [6] recognize voice
instructions. It is now essential to virtual assistants, voice-
controlled products, transcription services, and hands-free
communication, increasing productivity and accessibility.
In Natural Language Processing (NLP), ML has
revolutionized

[7] sentiment analysis, [8] topic modeling, [9] chatbots, [10]
language translation, [11] fake advertisement detection, and
[12] text generation, facilitating content creation, customer
service, and cross-language communication. Then, in Com-

puter Vision, ML models have advanced in understanding
and interpreting visual data, enabling applications such as
[13] object detection, [14] image classification, [15] limb
gesture recognition, and [16] traffic management.

Not just this, machine learning has permeated all facets
of modern life, influencing industries, services, and daily
activities, as shown in Figure 1. In the healthcare sector,
[17] medical diagnosis, [18] disease risk prediction, [19]
drug discovery, and personalized treatment are all aided by
machine learning. In finance, ML models power [20] fraud
detection, [21] risk assessment, and [22] algorithmic trading.
The transportation sector owes machine learning for [23]
self-driving cars, [24] route optimization, and [25] demand
forecasting in ride-sharing services. In the E-commerce
sector, ML has enhanced [26] recommendation systems,
[27] personalized marketing, and [28] inventory
management. Lastly, [29] automated course suggestions,
[30] intelligent tutoring systems, and [31] plagiarism
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detection are some contributions of ML to the education
sector. Nevertheless, machine learning has emerged as a
game changer, transform- ing [32]-[34] countless industries.
It has almost limitless uses in enhancing businesses,
services, and personal experiences.
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FIGURE 1. Fields benefited by Machine Learning

Despite the rapid advancements in machine learning, [36] a
considerable lack of research and guidance persists in
selecting the best machine learning model for case-by-case
scenarios. In other words, there is a scarcity of proper
knowledge presentation to assist the selection of a high-
performing model for a given dataset and problem. While
various studies have attempted to demystify the complexity
of machine learning, most are domain-specific. [37], dis-
cusses ML models for wireless network improvements, [38]
presents a survey of ML models for wearable [oT devices,
[39] does the same for ML models in computer architecture
design, [40] surveys ML models in healthcare and, [41]
reviews ML models for social media analysis. A comprehen-
sive guide that properly navigates the dense maze of model
selection remains elusive. No previous research, to the best
of our knowledge, provides the depth and clarity required
for optimal model selection. Table 1 summarizes existing
surveys on machine learning and how our paper enhances on
them

This research investigates a wide range of supervised and
unsupervised learning techniques, and makes the following
contributions:

Comprehensive analysis of 10 highly developed ma- chine
learning models: 1) Linear Regression, 2) Logistic
Regression, 3) Decision Trees, 4) Random Forest, 5) Naive
Bayes Classifier, 6) Support Vector Machines,

7) K Nearest Neighbour, 8) K-means Clustering, 9)
Gaussian Mixture Models, and 10) Principal Compo- nent
Analysis.

Our research makes a groundbreaking contribution to the
field of machine learning by disclosing a pioneer- ing
decision-making blueprint, as shown in Figure 25,
designed for the most effective selection of machine
learning models given a real-world scenario.

Engaging in a comprehensive exploration of machine
learning intricacies, our research delves into the al-
gorithmic specifics, practical applications, and the in-
dispensable Strengths, Weaknesses, Ideal case (Best- case),
Pitfalls (Worst-case), Essential Preprocessing, and
Suitability (SWIPES) of these models.

Our research expands beyond text analysis by creating
novel visualizations that dynamically reflect the core of each
machine-learning model.

The remaining paper is sectioned as follows: Section 2
presents a Literature Review, Section 3 briefs about the intu-
ition and SWIPES of Supervised and Unsupervised Learning
models, Section 4 guides about optimal model selection,
Section 5 highlights the Future Work, and finally, Section
6 is the Conclusion.

LITERATURE REVIEW

Machine Learning can broadly be categorized into two
classes: Supervised Learning and Unsupervised Learning.
This research investigates the intuition and SWIPES of the
supervised and unsupervised models shown in the taxonomy
in Figure 2

Paper  Yer  Major Contribution Comparison with ou research

[33] 2022 Explams the methods, implementation tools, advantages, and  Not only briefs the methods, implementation, pros, and cons of
disadvantages of several supervised algorithms and concludes  the supervised models discussed by [33], but also sheds light
that each model has ifs unique way of extracting value from  on their real-world applications and the best scenario to use
data. .

[36] 2021 Briefs about the principles and applicability of several ML Provides a comprehensive overview of 10 popularly used
algorithms and discusses the challenges and potential research  machine learning models, their strengths, weaknesses, and
directions for the ML domamn. real-world applicability. Also resolves the key challenge [36]

claims, is faced by the ML field.

42 2021 Briefly overviews some classification, regression, and cluster-  The intuition, merit, demerits, and real-world applications of

Iy e pp
ing techniques and real-world applications of ML. the most popularly deployed classifieation, regression, cluster-
ing, and dimensionality reduction ML models are thoroughly
discussed among their SWIPES.
43 019 10 ML and 1 DL models are reviewed, including their merits  Because the scope of this research is constrained to ML only,
g s Xy
and demerits from the practical application perspective 10 ML models are thoroughly comprehiended, their essential
preprocessing requirement to combat their demerits, and their
ideal and worst real-world applications and datasets are dis-
cussed.

[#4] 019 Regression, classification, clustering, dimensionality fedue-  Regression, classification, clustering, dimensionality gedus-
tion, association, instance-based learning, deep learning, and  fipy, and ensemble learning algorithms are comprehensively
ensemble learning are concisely discussed along with their  explained, and their applications are mentioned across the
applications. literature. The ideal and worst cases of these models, their

strengths and weaknesses, are also mentioned.
Decision Trees
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FIGURE 2. A taxonomy of the ML models discussed in
this paper. Note that some supervised learning models
cater strictly to regression, some cater strictly to
classification, while others can be used for both.
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SUPERVISED LEARNING

Supervised learning is a fundamental concept in machine
learning, [45] where algorithms learn from labeled training
data to make predictions about unseen data. This approach,
encompassing classification and regression, enables algo-
rithms to discern underlying patterns by mapping input fea-
tures to target variable values. Classification and Regression
are the two main branches of supervised learning. Some
models are designed strictly for classification, such as [46]
Naive Bayes and [47] Logistic Regression, while some are
made strictly for regression, such as [48] Linear Regression.
Others can be used for both purposes which include [49],
[50] Decision Trees, [51], [52] Random Forest, [53], [54] K-
Nearest Neighbor and [55], [56] Support Vector Machines.
In classification, algorithms are trained to assign predefined
categories or labels to input data based on patterns learned
from labeled training data. The resourcefulness of classifica-
tion lies in its ability to make automated decisions, aiding in
complex tasks, a summarized overview of which is presented
in Table 2.

Both classification and regression algorithms [57] discover
latent patterns and relationships from labeled data and apply
this knowledge to make predictions about new unlabeled

samples. The only difference is that classification models
predict discrete class labels while regression models predict
continuous numerical values. Regression is like drawing a
line through data points to represent their relationship best.
Regression offers diverse utility in numerous fields, whose
summary can be found in Table 3.

UNSUPERVISED LEARNING

Unsupervised learning is concerned with analyzing and
extracting insights from an unlabeled dataset. That is to say
that the data points in the dataset have no preconceived class
labels. Clustering and Dimensionality Reduction fall under
the umbrella of unsupervised learning.

Clustering involves grouping similar data points together
based on their characteristics or features. It aims to iden-
tify inherent patterns, similarities, or relationships within
a dataset without prior knowledge of the class labels or
categories. In clustering, data points are assigned to clusters
based on their similarity to each other, aiming to maximize
the inter-cluster distance and minimize the intra-cluster
distance. Data points that lie in close proximity to each
other in the feature space are grouped in one cluster, while
those far away are grouped in others. The similarity between

TABLE 2. Applications of classification algorithms in Literature

Algorithm Paper Year IApplication Domain Usecase
[47] 2020 Image classification Multiclass indoor-outdoor scene classification
[68] 2020 Cardiovascular disease risk prediction
[69] 2020 Healthcare \Analyzing social determinants in relation to
clderly
Logistic Regression| ersonal healthcare self-care
[70] 2020 Customer Care Churn prediction in telecommunication
[49] 2021 Healthcare Breast cancer classification
[71] 2019 Materials Engineering Buckling load classification
Decision Tress [74] 2020 Banking Intrusion detection in credit cards
[52] 2021 Material Science Classification of electrode properties in lithium-
ion
batteries
Random Forest [79] 2020 Stock Market Feature selection in Chinese stock market
prediction
[81] 2020 Banking Credit card holder default prediction
[46] 2022 Healthcare Corona Virus detection
[85] 2021 Spam email detection
[88] 2019 IDocument Classification Political article categorization
[86] 2020 Mood classification on medical data
INaive Bayes [87] 2019 Sentiment Analysis Hotel reviews classification
[56] 2020 Cybersecurity Malicious user classification in radio networks
[96] 2020 INeuro-imaging Early dementia diagnosis
Support Vector [97] 2023 Cancer classification
Machines [98] 2020 Healthcare Protein Fold Recognition
[53] 2020 lJAnomaly detection Sea-surface small target detection
[108] 2022 Recommender System User and article based recommender system for an
-
K Nearest Neighbor commerce platform
[109] 2022 Heathcare IParkinson Disease diagnosis
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TABLE 3. Applications of regression algorithms in Literature

IAlgorithm Paper Year |Application Domain Usecase
[48] 2022 |Automobile Used car price estimation
[62] 2019 Real Estate House price prediction
[63] 2020 Sales Sales forecasting in big mart companies
Linear Regression |[[64] 2021 Healthcare Galectin-3 levels analysis for coronary|
heart dis-
eases
[50] 2020 |Agriculture Estimation of soil moisture
[73] 2021 Sales Newly launched seasonal products sales
forecast-
Decision Tress ing
[75] 2020 Environmental Management [Water quality prediction.
[51] 2020 |Academia Ed-tech impact examination on academic]
erfor-
IRandom Forest mance
[80] 2019 Drug discovery Dosage response prediction
Support Vector [55] 2020 |Agriculture Prediction of soil properties in MIR|
spectroscopy
Machines [124] 2022 Missing value prediction Missing value imputation in environmental
time
series data
[54] 2020 Material Sciences Remaining useful life estimation of]
lithium-ion
K Nearest Neighbor cells.
[106] 2023 Sustainable Architecture Thermal load prediction in buildings

data points is typically determined using distance measures
such as Euclidean distance or cosine similarity. Table 4
summarizes some of the applications of clustering algorithms
found in the literature.

Dimensionality reduction is a form of unsupervised learn-
ing used to reduce the number of features in a dataset in
a way that features containing the maximum information
are preserved while others are discarded. Many real-world
datasets can have a large number of features, which can
lead to problems like the curse of dimensionality, overfitting,
and reduced interpretability. Dimensionality reduction solves
these issues by translating the data into a lower-dimensional

space while keeping as much variability as feasible from the
original data. Table 5 summarizes some of the applications of
Principal Component Analysis as a dimensionality
reduction algorithm from the literature.

INTUITION AND SWIPES

This section presents a detailed analysis of the intuition,
Strengths, Weaknesses, ideal-case (best-case), pitfalls (worst-
case), Essential preprocessing requirements, and Suitability
(SWIPES) of the ML models mentioned in Figure 2.

LINEAR REGRESSION
Linear Regression is the simplest supervised learning algo-
rithm to exist. It is a regression model used for predict

|Algorithm Paper  [Year |Application Domain Usecase
[114] 2022 |Academia Collge counselor scoring
[115] 2021 Healthcare Hepatitis disease diagnosis
[116] 2021 Traffic Management [Vehicle license plate detection
K-means [117] 2020 IDocument Clustering Text documents clustering on several
Clustering datasets
[119] 2021 [Economics Human capital role analysis in|
industrialization of
Gaussian Iranian economy
Mixture
Model [120] 2020 IEnviromental Passive tracers density estimation
Management
[121] 2019 lAnomaly Detection \Anomaly detection in Time Series datal
of EEG and
electrical equipment current.
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TABLE 5. Applications of dimensionality reduction in Literature

|Algorithm Paper  [Year |Application Domain [Usecase
[122] 2020 Healthcare Feature selection in kidney ultrasound|
images.
Principal [123] [2022 INoise Reduction Denoising in graph neural networks
Component
/Analysis [125] 2020 Customer Care Feature reduction in telecom customer
segmentation

ing continuous numerical values based on input features.
As the name suggests, the model establishes [58] a linear
relationship between the dependent (target) variable and
the independent variables (features). Two commonly used
linear regression models are simple linear regression and
multivariate linear regression.

A simple linear regression model is one where a single
independent variable models the dependent variable. This
algorithm aims to find a best-fit line that [5S9] best minimizes
the sum of squared differences between the predicted values
and the actual values of'the target variable. These differences
are called residuals. Mathematically, the model can be de-
fined using the equation below:

Ytarget = PO+ Blxfeature (1)

Here yiurger 1s the dependent variable, Xfaur 1s the inde-
pendent variable, and 0 and /1 are the weights/coefficients.
More precisely, S0 is a bias coefficient, also called the inter-
cept, which represents the value of yrger When Xeanre is 0,
and f1 is the slope, representing the change in yre.: for one
unit change in Xfanre.

Figure 3 visualizes the relationship between the dependent
and independent variable. Here Line of Regression is the
best-fit line that ideally minimizes the cost function of the
model and helps understand the direction, strength, and trend
of the relationship between the target and feature variables.
In most linear regression models, Mean Squared Error (MSE)
[60] is used as the cost function used. It is calculated by tak-
ing the average of squared residuals as shown in Equation 2

ble

MSE = *

ri

Y prea — Yactuat)? 2)

actual dependent variable value.

«— Line of Regression

Target/Dependent
Variable

Data Points

Feature/Independent
Variable

FIGURE 3. Graph of a simple linear regression model.

Once coefficients of the line of regression are determined,
Equation 1 is used to make predictions of the dependent
variable based on the value of the independent variable.

In the real world, however, data is complex, and for an
accurate prediction of the dependent variable, several input
features are needed. Here, the [ S8] multivariate linear regres-
sion model comes to the rescue, which considers multiple
independent variables to predict the dependent variable. The
equation for this algorithm goes as follows:

Viargee = O + flx1 + p2x2 + p3x3....pnxn  (3)
Again Ltarger 18 the dependent variable, and B0 is the

Here 7 is the total number of points in our dataset, y_pred

is the predicted dependent variable value and y_actual is the
intercept. X1,X2.... Xn are the independent variables, and
p1, p2...pn are the weights of their respective features.

The objective of multivariate linear regression is the same
as that of simple linear regression: to find a line of best fit,
and predictions are made by plugging the values of features
in Equation 3 .
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Suitability
« sultable for regression
problems -

‘Worst-case
« large high-di i

Figure 4 explains the [61] SWIPES for Linear Regression.
The model is straightforward, hence, best suited for sim-
ple real-world problems. For example, [62] a house price
prediction model can ideally use linear regression, where
the model can be trained on features like location, area of
land, and number of rooms. A [63] sales forecasting model
can deploy linear regression to predict future sales based on
historical data, or it can be used to analyze how changes
in advertisement expenditure impact sales figures. Linear
Regression can also be used in risk assessment to quantify the
relationship between risk factors and outcomes. For instance,
[64] assessing the relationship between galectin-3 and the
risk of heart disease

LOGISTIC REGRESSION

Logistic regression is a statistical modeling technique applied
to classification problems, specifically binary classification.
It is useful for modeling the relationship between a di-
chotomous categorical dependent variable and one or more
independent variables. The model predicts the class of an
instance by calculating the probability of an event occurring.
Logistic regression utilizes a sigmoid function as its activa-
tion function to transform dependent variables into proba-
bility values bounded between 0 and 1. This transformation
is called the logit transformation, which calculates the log-
arithm of odds. An odd is the ratio of the probability of an
event occurring (presence of a class) to the probability of an
event not occurring (absence of a class). The equation for the
logistic function goes as follows:

Figure 5 shows the S-shaped curve of logistic regression,
which is essentially a [65] sigmoid curve lying between 0 and
1. A decision threshold of 0.5 is set for this graph. Decision
threshold is the cut-off probability value that decides which
class a data point belongs to. If the probability of the data
point is lower than the decision threshold, it belongs to the
negative class; otherwise, it is assigned the positive class.

[y
°

Probability
o
o

Thershold value

Feature/Independent
Variable

FIGURE 5. Sigmoid curve of a binary logistic regression
model

To measure the performance of a model, a cost function is
required. In logistic regression, a log-loss function (derived
from the maximum likelihood estimation method (MLE)) is
used to minimize the loss function by adjusting the weights of
the model to maximize the likelihood of observing the given
data under the assumed logistic regression model. The log-
loss function is mathematically defined as:
xX
—(v log(P(Y ))y+(1-y )log(1=P(Y)))
LuYE 4 4 4 i
=1

®)
Here y; 1s the actual target variable value, P(Y}) is the
probability of y; being 1, and (1 — P(¥;) 1s the probability of
1. being 0.

1
logLoss=——"

Optimization algorithms, such as [66] gradient descent, are
commonly used to train logistic regression models. These
algorithms iteratively update the regression coefficients to
minimize the difference between the predicted probabilities
and the actual outcomes. The optimization methods seek to
find the best set of coefficients to fit the data and maximize
the likelihood. Various performance criteria, such as accu-
racy, precision, recall, and the receiver operating characteris-
tic (ROC) curve, are used to evaluate model outcomes. These
metrics examine the model’s ability to classify data points
accurately between the positive and negative classes.

In [67] cases, when the dependent variable has three or
more categories, multinomial logistic regression can be im-

1

Jeget T Tr o=

Here x represents the linear combination of predictor yari-
ables weighted by regression coefficients.

plemented, It 13 an extension of binary logistic regression,
which aims to classify the dependent variable by modeling

the probabilities of each category relative to a chosen ref-
erence category. Logit transformation is used independently

for each category of the dependent variable. Using MLE,
the model estimates several sets of regression coefficients,
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one for each category. The regression coefficients show the
independent variables’ effect on the log odds of each cate-
gory relative to the reference category. Multinomial logistic
regression equation is as follows

nrabl clgee
uital

 suitable for
problems

Weaknesses

« sensitive to outliers

prob(class; )

log( ) = fO+B1x1+42x2+63x3....fnxn
FIGURE 7. Structure of a decision tree. Each decision tree
contains several

prob(classeference)

sub-trees

lassZ
Here log(rnh( . prob(class: \ )

reference) ) is the log-odd ratio of
class

z relative to the reference class.

Best-case

oderate sized low-dimensional

‘Weaknesses :\L
. liers

FIGURE 6. The SWIPES of Logistic Regression.

Figure 6 describes the SWIPES of a Logistic Regression
model. The algorithm is often implemented on [68], [69]
medical datasets to predict whether a person will contract
a particular disease or not (1 for contracting the disease, 0
for not contracting the disease). To predict [70] whether a
customer will churn or not (0 for not churning and 1 for
churning), logistic regression can be implemented on features
like customer demographics, article usage, and purchase
history.

DECISION TREES

Decision trees are graph structures used for classification
and regression problems. They are intuitive models that
mimic the shape of a tree, with three types of nodes: the root
node, internal nodes, and leaf nodes, as shown in Figure 7.
Each node corresponds to a specific feature or attribute, and
each branch represents a possible outcome of that feature.

The top most node is called the root node, while the ending
nodes containing the predicted outcomes are called the leaf
nodes. All intermediate nodes are called internal nodes that
represent decisions based on a feature.

Here log( prob(classZ )

class
z relative to the reference class.

) is the log-odd ratio of

Root Node

i A— L .
Internal { Internal
Node Node Sub-Tree

| =y
Internal Internal
Node Node ‘

FIGURE 6. The SWIPES of Logistic Regression.

--

Figure 6 describes the SWIPES of a Logistic Regression
model. The algorithm is often implemented on [68], [69]
medical datasets to predict whether a person will contract
a particular disease or not (1 for contracting the disease, 0
for not contracting the disease). To predict [70] whether a
customer will churn or not (0 for not churning and 1 for
churning), logistic regression can be implemented on features
like customer demographics, article usage, and purchase
history.

DECISION TREES

Decision trees are graph structures used for classification
and regression problems. They are intuitive models that
mimic the shape of a tree, with three types of nodes: the root
node, internal nodes, and leaf nodes, as shown in Figure 7.
Each node corresponds to a specific feature or attribute, and
each branch represents a possible outcome of that feature.
The top most node is called the root node, while the ending
nodes containing the predicted outcomes are called the leaf
nodes. All intermediate nodes are called internal nodes that
represent decisions based on a feature.

Decision trees work by recursively splitting the data based
on the values of distinct features to produce a hierarchical
structure of decisions. The algorithm begins by picking
the best feature among the available features based on
[71], [72] information gain, or Gini impurity. Information
gain quantifies the effectiveness of a feature in splitting the
data. The higher the information gain of a feature is, the
more useful information it contains and hence the higher its
position (closer to the root node) in the decision tree will
be. Information gain is based on entropy, a concept used to
measure impurity in a set of samples.

Entropy [72] is a measure of impurity or disorderliness in a
sample set that estimates the uncertainty or randomness as-
sociated with the class labels of that sample. The entropy of
a sample is inversely proportional to its purity. That is to say
that the lower the entropy value, the purer the sample set will
be, and vice versa. Mathematically, the entropy of a set .S can
be written as:

IJDDT, Volume 16 Issue 2s, 2026
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X
Entropy(S) = — pilogapi @)
=1
Here p; is the proportion of the ith feature in S.

The reduction in entropy achieved by splitting data along a
specific attribute is its information gain. It is the difference
between the entropy of the parent node and the weighted
entropies of its child nodes after a split. It quantifies the
usefulness and relevance of a feature (at the parent node) in
predicting class labels. Mathematically,

X
1G(S./) = E(S) Bvlps) ®
vEvalues(F) 1]

Here frepresents a specific attribute, £(S) is the total entropy

of dataset S, v | is the proportion of values in S, to the
number of values in S and £(S,) is the entropy of subset S,.

At each split, information gain is recomputed on the newly
formed subsets of our original data. The process is repeated
recursively until a stopping condition is met. The stopping
condition can be a maximum tree depth, a minimum number
of samples per leaf, or when all our features are assigned
nodes. When this recursive partitioning is complete, every
leaf node is assigned a predicted class label or, in case of
regression, a predicted value. Predictions for unseen data are
made by traversing the tree from a root node to a leaf node
following the decision rules that we just constructed.

Strengths
-

Weaknesses

FIGURE 8. The SWIPES of Decision Trees.

Figure 8 describes the SWIPES of Decision Trees. The best
thing about this model is that influential features in the
decision-making process can be identified by examining the
splits and the resulting improvement in prediction. Hence,
it’s used for several real-world decision-making scenarios.
For example, [73] an organization can deploy a decision
tree to predict their product demand. They can be used
[74] to analyze fraudulent transactions based on credit card
data or [75] predict short term water quality metrics such
as water temperature, dissolved oxygen, pH value, specific
conductance, turbidity, and fluorescent dissolved organic
matter.

RANDOM FOREST

Random Forest is an ensemble learning methods composed
of multiple decision trees. Enserfible learning is a machine
learning technique that trains a series of independent ML
models known as ’base learners’ on the same dataset or its
subsets. Base learners are different algorithms or variations
of the same algorithm with different parameters. Each base
learner derives its own predictions from the data, and the
final decision of an ensemble is based on the aggregate of
individual base learners. A Random forest algorithm is an
ensemble of weak decision trees, as Figure 9 shows. These
trees are called weak because on its own, their accuracy is
barely better than a random chance

@ & © o .. ® &

B " > & =
®© © DG @& @ O © ¢

e oW L A @ @

Weak Learner 1 Weak Learner 2 Weak Learner N

v \J \J

Prediction-1 Prediction-2 Prediction-N

Aggregation

v
Final Outcome

FIGURE 9. A random forest algorithm comprising of
several weak decision trees

Random Forest is based on [76] bagging, short for boot-
strap aggregation. Bootstrap is a sampling technique where
subsets/samples of the original training data are selected
with replacement. Each decision tree is separately trained
on its respective subset, and the final decision of the random
forest is an aggregate of individual decisions of the base
learners, hence the term aggregation.

Unlike simple decision trees, which consider the entire
feature space for splitting at each node, a random forest
model only considers a subset of the original feature space,
making them resistant to overfitting. After all, trees are
trained, the model is ready for prediction. Predictions are
made by aggregating the predictions of all decision trees.
Different aggregation methods are used, the most common
of which are majority voting and weighted voting. In [77]
majority voting, the final decision is based on the prediction
that receives the maximum number of votes. In [78] weighted
voting, the decision of some trees is given more weightage
than others. Trees that rely heavily on missing values are
given less weightage than those based on no missing values.
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FIGURE 10. The SWIPES of Random Forest.

Figure 10 describes the SWIPES of a Random Forest
algorithm. Random Forests are widely used because of their

high accuracy and the ability to capture complex patterns
in the data. They are resistant to overfitting than a simple
decision tree because of the random feature selection at each
split. This also helps to reduce the variance and correlation
among the trees, improving generalization to unseen data.
In real life, this ensemble is often implemented to for [79]
stock price prediction or to [80] estimate dose-response of
a medicine. It can also be used to predict whether a [81]
credit card holder will default on his debt, or [82] to identify
a patient’s disease by analyzing his medical records.

NAIVE BAYES CLASSIFIER

Naive Bayes is a supervised classification technique based
on Bayes’ theorem and the assumption that features are
conditionally independent. That is to say that the algorithm
makes a 'naive’ assumption that the presence or absence
of one feature in a class is independent of another. This
helps simplify the computation of probabilities making the
algorithm efficient.

Naive Bayes is a probabilistic algorithm that makes predic-
tions based on Bayes theorem. A Bayes theorem calculates
the conditional probability ofan event, S, provided the occur-
rence of another event, 7. The posterior probability R 7
is the product of the likelihood of 7' given S: P (T S), and the
prior probability of S: P(S), divided by the prior probability
of T P(T). Mathematically,

X+a

P(T|S) = (10)

Y +na

piss = PLIISIP(S ®

P(T Here X is the count of the total occurrence of T with

condition S, and Y'is the count of the total occurrence of §' in
the dataset.

The basic workflow of a Naive Bayes classifier is repre-
sented in Figure 11. The algorithm calculates the posterior
probability of each class given the input features and then
selects the class with the highest probability as the predicted
class

Gz

Likelihood Data Prior
P(T|S) Probability
\ l P(S)

Bayes
Theorem

Eo

Posterior
Distribution

FIGURE 11. The workflow behind a Naive Bayes
Classifier [24]

To deal with the problem of zero probabilities and avoid
potential difficulties when handling feature combinations that
were not present in the training data, a small positive value, a,
is added while calculating likelihood, P (Z S). The intuition
behind adding a is called smoothing, or more precisely, [83]
Laplace smoothing. The fraction of likelihood now becomes
Smoothing is required when a feature value is observed in
the test data but not in the training data. In such instances, the
probability estimation for that feature would be 0, resulting
in a zero probability for the entire class. This can lead to
the Naive Bayes classifier becoming overly confident and
as- signing zero probabilities to certain classes causing
incorrect predictions. Hence, by adding a smoothing
coefficient, a, the algorithm ensures that even if a feature
value is unseen in the training data, it still has a non-zero
probability in the posterior calculation

Strengths

between features and target + dependent variable is
variable mult-categorical

FIGURE 12. The SWIPES of Naive Bayes.
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Figure 12 describes the SWIPES of a Naive Bayes classi-
fier. Text classification is one of the most popular applications
of this algorithm, specifically for [85] identifying spam
emails. Be it sentiment analysis of [86] medical data, or
[87] hotel reviews, [88] article categorization, or [89] fake
news classification, Naive Bayes is popular among NLP tasks
because of its ability to handle high-dimensional datasets.

SUPPORT VECTOR MACHINES

Support Vector Machines (SVMs) are supervised machine
learning algorithms commonly used for classification prob-
lems (can be used for regression as well). They work by
finding an optimal hyperplane that separates data into their
respective classes by maximizing the margin between the
hyperplane and support vectors.

Support vectors, hyperplanes, and margins are the key con-
cepts of SVMs. Figure 13 is a pictorial representation of
these concepts. A hyperplane is the decision boundary that
separates the data points into different classes. It is a subspace
of Y-1 dimensions where Y'is the total number of dimensions
in the feature space. For example, in a 2D feature space, the
hyperplane would be 1D (line), while in a 3D feature space,
it would be 2D (plane). Support vectors are data points from
the training set that lie closest to the hyperplane and influence
its determination. They are the focal points for SVMs as the
algorithm makes decisions on the basis of them instead of
the entire training set. Margins are the distances between
the hyperplane and the support vectors. They represent the
separation between different classes, and an SVM’s objective
is to maximize this margin to achieve [90] a well-generalized
and robust decision boundary (hyperplane). The larger the
margin, the more confident the SVM would be in its classifi-
cation, as it allows for better separation between classes and
reduces the risk of misclassification.

Optimal Hyperplane

Maximized
» =~ Margins,
X

Feature Y

a

Feature X

FIGURE 13. Hyperplane, support vectors and margin in an
SVM.

In some cases, data may not be perfectly separable by a
hyperplane. For example, in the presence of outliers, having
a strict hyperplane that accurately classifies these outliers
may also lead to wrong predictions on unseen data. In these
scenarios, we allow our SVM to misclassify some data

points. This is called [91] soft margin classification, where
the model achieves a trade-off between maximizing the
margin and making some errors. The trade-off is controlled
by regularization parameters.

Finding a hyperplane is easy in problems where the data is
linearly separable. However, when the data is non-linear, we
need to introduce a kernel to find an optimal hyperplane. A
kernel is a function that converts low-dimensional data into
high-dimensional data to find a line of separation between
classes. They enable SVMs to capture nonlinear relationships
between features without explicitly computing the transfor-
mation. Different kinds of kernels are commonly used in
SVMs:

Linear Kernel: The simplest and most commonly used
kernel in SVMs that performs a [92] linear transforma- tion
of the input data, maintaining the original feature space. It
is suitable when the data is linearly separable.

Radial Basis Function (RBF) Kernel: Uses a [93] Gaussian-
like transformation to assign weights to each data point
based on their proximity to a reference point

called the kernel center. It can capture complex nonlin- ear
decision boundaries and is suitable when there is no prior
knowledge about the distribution of data points in the
dataset.

Polynomial Kernel: Applies a [94] polynomial trans-
formation to the training data. It allows SVMs to cap- ture
nonlinear relationships by introducing higher-order
polynomial terms. The degree parameter of the polyno- mial
kernel determines the complexity of the decision boundary.
Sigmoid Kernel: Applies a sigmoid function to the input
data, allowing SVMs to capture nonlinear relationships

similar to artificial neural networks. It is often used in
binary classification problems but [95] may not perform as
well as other kernel functions in many scenarios.
Nevertheless, the kernel choice depends on the dataset’s
characteristics and the problem at hand.

Suitability ‘Worst-case
2 « datasec .

o
o/ 0g
(L

Support Vector
Machines

FIGURE 14. The SWIPES of Support Vector
Machines.

Figure 14 describes the SWIPES [90] of an SVM. SVMs
are particularly useful in several image classification and
localization use cases, such as [96] neuroimaging analysis.
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In bioinformatics, they are sometimes deployed for [97]
cancer classification and [98] protein fold recognition. The
algorithm also yields good results for [99] non-English
handwritten digit recognition and [100] anomaly detection.

K NEAREST NEIGHBOUR ALGORITHM

K-nearest neighbor is a non-parametric machine learning
algorithm for regression and classification problems. Given
anunseen data point, the model makes predictions by finding
K training points closest to it in the feature dimension. These
points are called its nearest neighbors. For classification
problems, the unseen data point is assigned the class of the
majority of its k nearest neighbors, and for regression, the
average value of its k nearest neighbors is used.

Figure 15 represents the intuition behind the KNN algorithm
where K=4. Different distance metrics are used to find the
distance between the unseen data point and the training
samples. Euclidean distance, Manhattan distance, and
Cosine similarity are the most common. The list below
briefly dis- cusses each of these measures.

Euclidean Distance: The square root of the sum of the
squared differences between two coordinates. It repre- sents
the length of the straight-line path connecting the two points
in the [101] Euclidean space. For two points X and ¥, in a
multidimensional space with coordinates (xi, yi, ...n1) and
(x2, ¥2, ...m2), the Euclidean distance will be

Feature Y

'Y
r'y a a & v data point belongs
a to red class
a 4 a
ry a
a
Feature X

FIGURE 15. A KNN model with K =4 to solve a
multiclass classification problem

Manhattan Distance: Also known as the L1 distance, the
[102] Manhattan distance calculates the distance between
two points in a multidimensional space. Unlike Euclidean
distance, which calculates the straight-line distance,
Manbhattan distance considers only the hori- zontal and
vertical movements along axes to measure the distance. It
is the sum of the absolute differences between the
corresponding coordinates of two points. For two points X
and Y, with coordinates (xi, yi, ...n1) and (x2, y», ...n2), the
Manbhattan distance is calculated as:
d=|X2_X1|+lyz_y1|+...+‘I’lz_m‘ (12)

Cosine Similarity: Calculates similarity between two
vectors by measuring the [103] cosine of the angle between
them. Cosine similarity ranges from -1 to 1. A cosine
similarity of 1 indicates that the vectors are in the same

direction and are perfectly similar. A cosine similarity of -1
indicates that the vectors are in opposite directions and
perfectly dissimilar. A cosine similarity of 0 indicates that
the vectors have no similarity. For two points X and Y, with
coordinates (xi, yi, zi...n1) and (x2, y2, 22, ...n2), the cosine
similarity is calculated as:

AY
X % VI

cosine — similarity = (13)

O —x)? + (Y2 — yn? + (e — my)?

The choice of metric heavily influences the model’s re-
sults; therefore, it is important to carefully analyze the nature
of the dataset before making a suitable choice. Based on
this distance, k nearest neighbors are selected, where k is
auser-defined value representing the number of neighbors to
choose.

K value should be carefully determined because having a
small k value can lead to overfitting and noise sensitivity

while having a large k value can oversimplify the algorithm
and lead to reduced accuracy. Usually, an [104] optimal k
value is determined by finding the square root of the total
number of samples in our training dataset. Mathematically:

k= N (14)
Where N is the total number of samples in the training
dataset.

Since KNN relies on distance calculations, it is important to
normalize features before training. This ensures that no
single feature dominates the distance calculations due to its
scale.

‘Worst-case

Suitability

K Nearest
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FIGURE 16. The SWIPES of K
algorithm.

Nearest Neighbor

Figure 16 describes the SWIPES of a KNN model. The
algorithm requires no training time because it does not
explicitly learn a model but stores the training instances in
memory. K-Nearest Neighbors (KNN) are deployed for a
wide range of use cases. They are used for several recognition
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tasks such as [105] gait phase detection, [106] long-term
thermal load prediction, and [107] water quality classifica-
tion. In [108] recommendation systems, the model is used to
suggest products to users based on their similarity to other
users. Then, in the healthcare sector, KNN can be used for
disease diagnosis such as the [109] diagnosis of Parkinson’s
disease among elderly people. In Geographical data
analysis, KNN can be used for [110] route distance
optimization and

[111] traffic flow prediction.

K-MEANS CLUSTERING

K-means clustering is an unsupervised learning algorithm
that works by grouping similar data points together and
dissimilar data points in separate clusters. It is used when
there is a large amount of unlabelled data. K is a user-defined
value that denotes the number of clusters to be created for a
dataset.

The algorithm starts by taking a user-defined k and randomly
initializing k centroids. Centroids are the center points of a
cluster, and each data point is assigned to its nearest centroid
based on distance. Different metrics are used for distance
calculation between a data point and a centroid, the most
common of which is the [112] Euclidean distance. For a data
point, d, in feature space with clusters ci, ¢, ¢3, ...ck, d will
be assigned to the cluster that has the least distance from it as
shown in Equation 15.

detuster = min(dist.1 , dist;) , dist 3 ...distc,)  (15)

Once all data points are assigned to clusters, the mean of
each cluster’s data points is computed, becoming the updated
centroid. Cluster assignment and centroid updating process
is repeated iteratively until there is no significant change in
the assignment of clusters or the centroid value. Final
clustering is obtained where each data point belongs to a
specific cluster based on the nearest centroid. Figure 17
shows how a k- means model with K=2 groups an
unlabelled dataset.
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K-Means K-Means
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FIGURE 17. A K-means model with K =2

The k value is usually determined using an [113] elbow
graph. The elbow graph runs k-means clustering on a range
of values starting from k=1 and going up to a suitable point.
It plots the sum of the squared distance between the data
point and centroid, against k values in the predefined range.
The point where the rate of decrease in the mean distance
(sum of squared distance) decreases is the elbow point and
usually the optimal k value. Figure 18, for example, shows
an elbow graph with an elbow at K=3, indicating it to be a

suitable k value for the model it is plotted for
The Elbow Method
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800 4

Best number of clusters
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Values of K

FIGURE 18. An elbow graph with an elbow at k=3

Anyhow, the resulting clusters from a k-means model are
easily interpretable. Each cluster is represented by its
centroid, which makes it simple to understand each cluster’s
characteristics and central tendencies
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FIGURE 19. The SWIPES of K-means clustering.

Figure 19 describes the SWIPES of a K-means clustering
model. The algorithm is widely used in several use cases;
for example, automatic performance evaluation systems like
the one developed by [114] use K-means clustering to score
college counselors. In diagnostic systems, k-means is used to
create smart medical decision support systems, such as the
ones used to [115] treat liver ailments. In the traffic sector,
it can be used for [116] vehicle license plate detection and
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segmentation, and in NLP, it can be used for [117] document
clustering.

GAUSSIAN MIXTURE MODEL

Gaussian Mixture Models (GMMs) are probabilistic models
that cluster a dataset on the assumption that each data point
is generated from a Gaussian distribution. They are advanced
clustering algorithms used when a dataset has non-circular

clusters. A Gaussian mixture model is initialized when the
number of clusters k, their mean, covariance matrix, and mix-
ing coefficients are specified. Mixing coefficients determine
the relative contribution of each Gaussian component to the
mixture.

The expectation-maximization (EM) algorithm [118] is used
to optimize the model’s parameters iteratively. An EM al-
gorithm consists of two steps: Expectation step (E): In this
step, the algorithm uses the current parameter estimates to
compute the posterior probabilities for each data point be-
longing to each Gaussian mixture. Maximization step (M):
In this step, the algorithm updates the parameters: mean,
covariance matrices, and mixing coefficients, based on the
computed posterior probabilities. Hence, data points with a
higher probability of belonging to that Gaussian mixture will
contribute more. Expectation and Maximization steps are
iteratively repeated until a point of convergence is achieved.
Convergence occurs when the stopping criteria is met: when
a log-likelihood change threshold or a maximum number of
iterations is achieved.

After the model has converged, data points are assigned
clusters with the highest probability. A probability density
function (PDF) can be used to quantify the likelihood of
witnessing a data point given the GMM’s parameters. It
describes the shape of each component’s distribution in the
mixture model. A GMM’s PDF is a weighted sum of the
individual Gaussian distributions, with each Gaussian com-
ponent contributing to the overall distribution according to
its weight. Mathematically

X X
wix Nislu, )
i i

P(s|) = (16)

O . . .
Here ; represents the covariance matrix of the i Gaussian

component, g; is its mean vector, and w; represents its mix-
ing coefficient. N (s u;, ;) denotes the probability density

function of the i Gaussian component.

GMMs are also used for density estimation, where the
learned parameters are used to calculate the PDF of each
cluster. This way, new data points can be generated from the
estimated distributions.

Although GMMs are complex, they provide soft cluster
assignments where each data point is assigned to a clus-
ter based on probability, hence they can capture complex
patterns and shapes in the data. They use a probabilistic
framework, enabling them to handle missing values by
filling them up with imputed ones. Unlike K-means

clustering, GMMs can model clusters of different shapes and
sizes. They can capture clusters with varying orientations,
variances, and correlation structures. Figure 20 shows
GMM’s ability to draft differently shaped clusters

Feature Y

Feature X

FIGURE 20. A GMM with 3 Gaussian mixtures

Gaussian Mixture Models yield maximum performance
when the dataset is normally distributed and contains nu-
merical features. While they have the ability to handle non-
spherical clusters, GMMs work well only when the clusters
are roughly elliptical in shape. Ifthe dataset is too irregularly
shaped, the model may not perform as expected.
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FIGURE 21. The SWIPES of the Gaussian Mixture Model.

Figure 21 describes the SWIPES of a Gaussian Mixture
Model. In daily life, GMM is used in several applications, in-
cluding [119] time-series analysis, [ 120] density estimation,
and [121] anomalyl detcction.

PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis (PCA) is a dimensionality
reduction technique influenced by the intuition of clustering.
It is used to scale a dataset from a high-dimensional feature
space to a low-dimensional feature space in such a way that
its maximum variation is preserved. Hence the main objective
of the algorithm is to find features/dimensions that capture
maximum information about the dataset. These features are
called principal components (PCs).
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To find principal components, the dataset is first normalized
to bring all features to the same scale and ensure that each
variable contributes its fair share. Next, an n n covariance
matrix is calculated to capture all the possible covariances
in the feature space. A covariance matrix tells the estimated
variance in individual random variables and whether they
are correlated or not. The matrix is then decomposed to
obtain the eigenvalues and eigenvectors. Each eigenvector
represents a PC, and its eigenvalue denotes the amount of
variance explained by that PC. Eigenvectors are arranged in
adescending order according to their eigenvalues to get a list
of all principal components. First k PCs are selected based on
the desired level of variance retention. The greater the value
of k, the more the variation is captured. However, choosing
a too large k value defeats the purpose of applying PCA;
hence k must be selected with care. Lastly, data is reoriented
from its original axis to the axis of the first principal
component. The selected PCs are projected to the new
feature dimension.

Figure 22 visually clarifies the concept behind PCA. PC1
and PC2 were chosen based on the data variability along
these axes. PC1 captures the maximum spread of data, and
PC2 captures the second-highest data spread.
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FIGURE 22. How PCA reduces a high dimensional feature
space to 2 principal components

The number of principal components to choose depends on
many factors but, most importantly, better judgment of the
problem, the dataset, the available resources, and the
requirements. Below are a few factors influencing the number
of PC to choose:

Explained Variance: Every PC has an eigenvalue repre-
senting the amount of variance explained by that com-
ponent. Plotting a cumulative explained variance against the
number of principal components helps identify how many
PCs to choose. The point where adding more components
does not significantly increase the variance is generally
considered the ideal number of PCs. Look- ing at the
cumulative and individual explained variance graphs in
Figure 23, it can be observed that the curves level out after

the first 9 PCs, making it the ideal number of PCs for the
model.

Scree Plot: Scree plot for the eigenvalues of all PCs can be
plotted in descending order. The “elbow” point where

the variance seems to level off can indicate a suitable
number of PCs.

Computational Efficiency: The number of components is
inversely related to computational efficiency

Application Requirements: Depending on the require-
ments of an algorithm, the number of PCs can be deter-
mined.

Anyhow, finding a balance between dimensionality reduc-
tion and information preservation is important. Dropping
too many components can lead to information loss while
preserving too many can over complicate an algorithm.

FIGURE 23. A plot of explained variance to determine the
ideal number of principal components for PCA.

PCA provides easy visualization of the relationship be-
tween different features and is robust to overfitting. Because
it is a dimensionality reduction method, it is most suited
to highly dimensional datasets that may or may not contain
redundant and multicollinear features.
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FIGURE 24. The SWIPES of Principal Component
Analysis.

Figure 24 describes the SWIPES of Principal Component
Analysis. The model prefers features in the dataset to have
varying levels of variances, as it aims to capture the maxi-
mum variance in the data, so having variables with signifi-
cantly different variances allows the PCs to differentiate and
capture the primary sources of variability. The model is used
in several applications but mostly during the preprocessing
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and exploratory data analysis (EDA) stages and is barely
used as a standalone model. It is paired with other machine
learning models to speed up their performances. The model
finds its applications in [122] feature extraction for image
processing or [123] noise reduction from graph neural net-
works.

SMART MODEL SELECTION

Figure 25 presents a flowchart that provides an organized
approach to the selection of the best machine learning (ML)
algorithm for a given problem and dataset. This methodi-
cal decision-making process enables practitioners, and even
novices, to make informed decisions that are consistent with
the features of their dataset and the requirements of their task.
The decision-making process begins by first determining
whether or not the dataset is labeled. This divides the problem
into two types: supervised learning, which applies when the
dataset is labeled, and unsupervised learning, which applies
when the dataset is unlabeled.

In the case of labeled data, the ensuing decision is cen-
tered on determining feature independence. If features are
interdependent, the dataset is best suited for deep neural
networks. However, if features are independent of each other,
classification and regression algorithms can smoothly tackle
the dataset. The choice of classification or regression model
then relies on assessing whether the relationship between
features and the target variable is linear or not. In instances of
linear relationship, Logistic Regression is the best ML model
for classification problems, whereas Linear Regression is the
best ML model for regression problems.

If, on the other hand, the relationship between features and
the target variable is non-linear, and there exists a clear line
of separation between different classes of the target, SVM
become a favorable choice. Although SVMs can be used for
regression problems, they offer more straightforward appli-
cability for classification, particularly binary classification.
Conversely, if the line of separation is ambiguous, the next
thing to determine is if the dataset is high-dimensional. If it
is so, the answer lies between Random Forest classifiers and
Naive Bayes, where in the case of sparse data Naive Bayes is
the optimal choice, while for abundant datasets, it’s better to
go with Random Forest Classifiers.

Moving forward, if the dataset is not high-dimensional, deci-
sion trees and KNN can both be used. Yet, in this scenario,
the final decision can be accredited to the availability of re-
sources. When fast, real-time decision-making and memory
efficiency are crucial, decision trees are more suitable than
KNNs. This is because KNNs are lazy learners, and instead
of learning a distinctive function from the training data in
advance, they memorize it and parse the whole dataset at the
instance of prediction.

Alternatively, for unlabeled datasets, PCA is recommended
for dimensionality reduction. Whereas, when tackling clus-
tering, with spherical and well-separated clusters, K-means
clustering is useful. Lastly, when clusters are overlapping and
non-spherical, Gaussian Mixture Model should be used
DISCUSSION

In this section, we provide a detailed discussion of various
machine learning algorithms, focusing on their performance

across different datasets and application scenarios. The em-
pirical results presented here are derived from recent studies,
offering insights into the practical effectiveness and limita-
tions of each algorithm. For clarity, we present the results in
separate tables for each algorithm, summarizing key
findings and performance metrics.

LINEAR REGRESSION

Linear Regression remains a fundamental algorithm for pre-
dicting continuous outcomes. It is a widely used algorithm
in various applications for its simplicity and effectiveness in
modeling relationships between variables. It is most
effective when the underlying relationship between features
and target variables is linear. For example, in real estate, it
predicts property prices based on features like square
footage and location. In sales forecasting, it helps estimate
future sales by analyzing historical data and marketing
efforts. Similarly, in healthcare, it can forecast patient
outcomes from treatment variables. By establishing a linear
relationship between inde- pendent variables and a
dependent variable, linear regression provides clear insights
and predictions, making it an essential tool in fields ranging
from economics to education. Table 6 highlights some of the
key empirical results of this algorithm.

Linear Regression performed exceptionally well in the
above scenarios, demonstrating an R? of average 0.8. This
indicates a strong fit of the model to the data, provided that
the data is linear in nature. However, for datasets exhibiting
non-linear relationships or significant outliers, the model’s
performance may degrade.

Also the many other studies suggests that the Linear re-
gression is a widely used predictive model in statistics and
machine learning. For example predicting multiple compo-
nent content in food and is valued for its simplicity and ef-
ficiency [130]. However, assessing model assumptions such
as linearity, normality, and equal variance is crucial for
selecting the best regression model. When these assumptions
are violated, strategies like variable transformation or spline
models can be employed to improve the model [131]. Mul-
tiple Linear Regression (MLR), a generalization of simple
linear regression, is commonly used in multivariate
statistical analysis. Understanding MLR’s basic principles,
application examples, conditions, and diagnostics is
essential for correct implementation in research [132].
While linear regression is widely applicable, other methods
like polynomial regression and fuzzy neural networks may
offer better prediction accu- racy in certain scenarios.

DECISION TREE

In the regard of diverse application scenarios, decision trees,
due to their intuitive structure and ease of interpretation are
verstalie tools for both classification and regression tasks,
providing clear interpretability. Their primary strength lies
in their ability to model decision-making processes by
splitting data into distinct branches based on feature values,
leading to a tree-like diagram of decisions and their possible
conse- quences. For instance, in healthcare, the algorithm
can pre- dict patient outcomes by analyzing symptoms and
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medical history, making them invaluable for diagnosing
diseases and recommending treatments. In finance, they
assist in credit scoring by categorizing loan applicants based
on their finan- cial history and behavior, thereby
simplifying the decision- making process. Additionally,
many studies reveal that they are being are employed in
marketing to segment customers based on purchasing
patterns and preferences, enabling tar- geted advertising
strategies. Their capacity to handle both categorical and
numerical data, coupled with the ability to visualize
decision paths, makes Decision Trees a versatile tool in data
science and machine learning. Table 8 highlights some of
the key empirical results of this algorithm.

Decision trees have diverse applications in various fields,
including bioinformatics, education, and healthcare. In bioin-
formatics, visually tuned decision trees can achieve good
comprehensibility and classification performance, particu-
larly for datasets with binary class attributes and numer-
ous potentially redundant attributes [135]. In higher educa-
tion, the Decision Tree Wrapper Sampling Class Imbalance
Knowledge Assimilation (DT-WSCIKA) method has shown
significant improvements in classification metrics and stu-
dent performance outcomes, aiding in course planning, stu-
dent advising, and resource allocation [136]. Decision trees
are also valuable in healthcare research, such as studying

: Principles, Applications, and Optimal Model Selection

anemia among rural children, where they can identify and
rank important factors influencing the condition [137].

RANDOM FOREST

Random Forest is like a team of experts working together
to make better decisions. Imagine when trying to predict
whether a customer will buy a product based on their past
behavior. A single decision tree might give the answer, but
it might be influenced by a quirk in the data. This algo-
rithm takes multiple decision trees, each looking at different
aspects of the data, and combines their predictions. This
collective approach makes it more reliable. For instance,
in healthcare, a Random Forest model could help predict
patient outcomes by integrating various factors like medical
history and symptoms, leading to more accurate diagnoses. In
finance, it can flag fraudulent transactions by analyzing pat-
terns across many different variables. This method’s ability
to handle a lot of data and still provide clear insights makes
it a go-to for many complex problems. Table ?? showcases
how this technique has been successfully used across various
fields.

This algorithm has proven effective in various applica-
tions, particularly for large datasets. It has been successfully
applied to classify acute coronary syndrome cases, achieving
83.45% accuracy with a 70:30 learning scenario [140]. RF’s

is the datasel L
labeled? o, e

TABLE 6. Empirical Results for Linear Re

gression in Different Application Scenarios

COVID-19
cases

active, de-
ceased, and recovered
cases in QOdisha and
India (March 22, 2020
- July 4, 2020)

Stud Dataset |Application Scenario Performance |Key Findings
y Metrics
[126]Daily new positive,Predict daily activefOdisha: MAE =[Simple linear regression shows

73.86,
MSE = 11320.16,

strong predictive ca-
pability with high R? wvalues.

RMSE = 106.40;Multiple linear regres- sion|
Rz = 0.9956[improves accuracy with R?
India: MAE =values of 0.9985 (Odisha) and

1.0 (India). Forecasts indicate an
up- ward trend in active COVID-
19 cases.

245838.76, MSE

74851765386.71,
RMSE =
273590.51; R?

0.9749
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[127][Fluoride levels inPredict fluoride levelsR> = 0.083 toHigh  fluoride levels in

drinking water, in various bi- 0.837 for drinking water correlate

urine, maternalological samples baseddifferent with higher fluoride levels in|
serum, and cordon drinking watervariables urine, maternal serum, and cord
blood from pregnantfluoride concentration blood. Significant statistical
women differences were found in

fluoride concentrations between|
low/optimum and high fluoride

groups.

[128](Time delay data fromPredict time delays inPerformance The modified SMLR method
a space teler- space teler- metrics not outperforms traditional

obot system, includingobot systems usingexplicitly SMLR, AR, NN, and CBMB

communica- tionjmodified sparsedetailed, butimethods in predicting time

transmission, andmultivariate linearmodified SMLR|delays, particularly in complex

processing delays regression showed superiorscenarios with significant jitters,

efficiency  andThe method demonstrated higher

precision prediction accuracy and

efficiency, especially in han-
dling severe time delays in space

environments.
[129]Field  measurementPredict seepageSEEP/W The SEEP/W numerical model
data from seven from unlined Model: R*> = |demonstrates high ac-
water channels of theearthen channels usingl0.879, RMSE =curacy in predicting seepage
Zayandeh- Rudfinite element method6.604 rates compared to other methods.
irrigation channels injand multivariableMoritz Nonlinear regression equations

[sfahan province, [ranjnonlinear regression [Method: R? =show good performance with R
0.373, RMSE =values up to 0.930 and RE values
12.356 as low as -24.18%.

TABLE 7. Empirical Results for Decision Tree in Different Application Scenarios

Stud [Dataset IApplication Scenario [Performance Key Findings

y Metrics

[133] [Z-Alizadeh SaniDiagnosis of coronary/Accuracy =The CART model with 18§
dataset (303 pa- artery dis- 91.09% (with features achieved high
tients with 55lease (CAD) 18 features),jaccuracy and classification|
[parameters) TPR = 91.10%,performance, with perfect True

TNV =91.10% |Positive Rate (TPR) and True
Negative Value (TNV).

[134] DEAP  dataset (32Emotion  recognitionBinary The Adaptive Neural Decision
participants, 32 from EEG sig- Classification Tree (ANT) outper-
EEG channels) nals IAccuracy = 99.12fforms traditional methods in
H 0.4814%.emotion recognition with high
Four-  |accuracy across various
class classification tasks and
Classification demonstrates efficient parameter
|Accuracy = use and en- hanced interpretability.
98.95 + 0.84%,The model also automates
[Eight-class [parameter and structure
Classification optimization, reducing the need for
|Accuracy = manual tuning.
97.58 £2.311%

TABLE 8. Empirical Results for Random Forest in Different Application Scenarios

StudyDataset Application Scenario |[Performance Key Findings
Metrics
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York City point cloud

classification

[138] [Lake Champlain[Estimating nutrienfR? (test) = 0.54 HThe Random Forest model
tributaries concentrations 0.07 significantly outperformed
and loads (TP), RMSE (test)WRTDS and its Kalman filtering
= 0.028 extension in esti- mating nutrient
= 0.003 (TP), %lloads, showing better predictive ac-
Flux Bias (test) =curacy and providing useful
1.8+ 19.9 (TP)  |visualization for process insights.
[139] [Dublin, Ireland and NewjAerial urban LiDAR[Precision = 0.92/The PCVC approach demonstrated

Recall = strong scalability

0.91, Fl-score =and improved classification|

0.92 performance compared to previous|
methods, achieving higher|
precision, recall, and Fl-score

while reducing the number of points
needing sequential processing by

99%.

PARAFAC [Running [the highest fault
versatility extends to network intrusion detection, email spam and APSOTime =classification
filtering, gene classification, credit card fraud detection, and with SVM  [16.593s faccuracy and|
text classification [141]. In benthic habitat mapping using retained important]
satellite imagery, RF demonstrated consistent performance features while
across different parameter scenarios, with accuracy variations eliminating
of 1.3% and 5.8% for two islands [142]. Feature selection redundant  infor-
techniques can enhance RF’s performance in medical data imation.
analysis. An empirical evaluation of four feature selection |1 [Vibration [Fault SVM The SVM model

methods found that the Boruta algorithm yielded the best
results when used with RF classifiers [143].

SUPPORT VECTOR MACHINE

As already discussed above SVM involve finding the best
possible boundary to separate different groups. Example
scenario where may be to sort emails into "spam" and "not

spam." SVMs particularly useful when the data isn’t easily
separable by a simple line, which is often the case in real-
world problems. For example, in image recognition, SVM
can help identify whether an image contains a cat or a dog by
drawing a clear boundary between these classes. Similarly,
in finance, SVM can be used to detect unusual patterns that
might indicate fraudulent activity. Its strength in handling
complex classification tasks makes it a favorite in many
analytical scenarios. Table 9 highlights practical successes of
SVM in various applications.

Fpr SVM empirical studies have demonstrated that SVM
ensembles, particularly bagged ensembles with polynomial
kernels, often outperform single SVMs [146]. SVMs exhibit
robustness to noise in input datasets, with unweighted
combi- nations of data types performing well in simple
cases, though

St [Dataset |Application Perform [Key Findings
ud Scenario  |ance
y Metrics
[1 |Gearbox Intelligent [Correctio [The hybrid
44 [fault data  |fault n Rate =PARAFAC-
I identificatio (98%, IAPSO-SVM
n using model achieved

45 |data  fromdiagnosis inAccuracy|demonstrated high
] finduction finduction |(Average)laccuracy in fault
mo- mo- = 87.58%diagnosis,
tors tors  usingto 100%achieving up to
various across  [100% accuracy in
machine iterations [some cases.
learning
models
including
SVM

weighted approaches may be superior for multiple noisy
datasets [147]. When dealing with imbalanced data, SVMs
generally outperform other classifiers like Naive Bayes and
decision trees in terms of sensitivity and specificity, espe-
cially for large datasets [148]. Comparative studies of SVM
optimization criteria reveal that linear programming-based
heuristic SVMs achieve similar classification accuracy and
generalization performance as quadratic programming-
based optimal SVMs, but with fewer support vectors
positioned at the furthermost borders of classes [149].
These findings highlight the versatility and effectiveness of
SVMs in various classification scenarios.

K NEAREST NEIGHBOUR

In the context of a recommendation system, KNN might
recommend products or movies based on the preferences
of similar users. In healthcare, KNN can predict patient
outcomes by comparing new cases with historical cases that
have similar characteristics. In healthcare, it can help predict
patient outcomes by comparing new cases to similar histori-
cal cases. Table 10 provides examples of how KNN has been
applied effectively.
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Nearest Neighbor (NN) search is a fundamental operation in
various domains, but its effectiveness diminishes in high-
dimensional spaces. [152] demonstrated that as dimension-
ality increases, the distance between nearest and farthest
neighbors converges, rendering NN search less meaningful.
This effect can occur with as few as 10-15 dimensions. [153]
conducted a comprehensive evaluation of approximate NN
search algorithms, proposing a new method that achieves
high efficiency and recall. [154] investigated the difficulty
of finding an optimal k value for k-NN classification, con-
cluding that it’s generally impossible to determine a priori.
[155] compared exact NN algorithms, finding little advantage
in using Metric Trees or Cover Trees over KD-Trees for
standard NN search. These studies highlight the challenges
and limitations of NN techniques, emphasizing the need
for careful evaluation and adaptation in high-dimensional
spaces.

LOGISTIC REGRESSION

Despite its name, logistic regression is used for classification
rather than regression. For instance, in healthcare, logistic
regression can predict the likelihood of a patient developing
a particular disease based on risk factors such as age, gender,
and lifestyle. In finance, it is used to assess the probability of
a customer defaulting on a loan based on their credit history
and other financial indicators. In marketing, logistic regres-
sion helps in predicting whether a customer will respond
to a marketing campaign based on their past behavior and
demographic data. Table 11 highlights some key examples
and results of logistic regression in different applications,
showecasing its effectiveness in solving classification prob-
lems.

As already discussed above, Logistic regression is a widely
used for analyzing binary outcomes in various fields, in-
cluding education and finance [158], [159]. While it of-
fers advantages over multiple regression for certain types
of data, recent research has highlighted limitations in its

application and interpretation. Many studies fail to properly
report and interpret effect sizes, often misinterpreting odds
ratios as relative risk [158]. In high-dimensional settings,
classical maximum-likelihood theory can lead to unreliable
inferences, with biased estimates and incorrect distribution
of the likelihood-ratio test [160]. To improve the reliability
and interpretability of logistic regression results, researchers
recommend reporting marginal effects and predicted proba-
bilities [158], using logistic regression alongside multivariate
analyses for verification [159], and employing new theoreti-
cal approaches to account for high-dimensional data [160].
Additionally, guidelines for modeling strategies and report-
ing standards have been proposed to enhance the quality of
logistic regression analyses [161].

NAIVE BAYES

Naive Bayes works well when you need a straightforward,
yet effective approach to classification. Imagine when set-
ting up a system to filter out spam emails. Naive Bayes
uses the assumption that each word in an email contributes
independently to its spam likelihood, which simplifies the
problem while still delivering strong results. In healthcare,
it might predict whether a patient has a certain condition
based on their symptoms and medical history. Despite its
simplic- ity, it’s quite effective, especially in text-based
applications like sentiment analysis or document
categorization. It’s this straightforward yet powerful
approach that makes Naive Bayes a handy tool in various
real-world scenarios. Table 12 illustrates some real-life
successes with Naive Bayes.

Naive Bayes classifiers, despite their simplistic indepen-
dence assumption, often perform well in practice. Empir-
ical studies have shown that Naive Bayes achieves good
classification accuracy, particularly with low-entropy
feature distributions [164], [165]. Surprisingly, it performs
best in two contrasting scenarios: completely independent
features

TABLE 10. Empirical Results for K-Nearest Neighbors

Study [Dataset |Application Scenario Performance Key Findings
Metrics
[150] [FMCG product reviews  |Aspect-Based  SentimentAspect F1 CV =The FRNN-OWA and FROVOCO
|Analysis 0.9036, imethods achieved
(ABSA) wusing Fuzzy-Sentiment F1 CV =high performance in aspect, sentiment,
IRough Near- est Neighbour|0.7289, Positiveand emotion prediction tasks, with|
(FRNN) methods Emotions F1 CV =fimprovements over previous|
0.8273, Negativefapproaches and good alignment with|
Emotions F1 CV =Dutch dataset results.
0.7025
[151] [Satellite images Classification of satelliteNot provided directlyKohonen maps combined with KNN|
images us- offered im-
ing Kohonen maps and K- proved classification accuracy and|
INearest Neighbor (KNN) dimensionality re- duction over K-
algorithm imedoid clustering methods, effec- tively
categorizing satellite image components|
into land types.
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TABLE 11. Empirical Results for Logistic Regression

Study [Dataset |Application Scenario Performance Key Findings
Metrics
[156] [Listed  companies inPredicting financialLogistic Regression{The  random  forest  algorithm|
Thailand performance of Odds outperformed logistic
(SET) publicly listed companiesRatios and p-valuesregression in predicting financial
using lo- gistic regression(for predictors;performance. Sig- nificant determinants
and random forestRandom For- estfinclude liquidity, leverage, asset
algorithms Model performanceturnover, and IPO funds. Financial
not detailed performance pre- dictions varied over
time, with excessive IPO funds|
otentially leading to adverse outcomes.
[157] [Wearable ECG-monitoringPersonalized seizure[Sensitivity = 78.2%,The patient-adaptive LRML algorithm|
device detection us- False significantly
ing patient-adaptive logisticAlarm Rate (FAR)reduced the FAR by 31% compared to|
regres-  sion  machine~= 0.62/24 h previous meth- ods while maintaining
learning (LRML) similar sensitivity. Using re- sponders|
for training the algorithm improved|
perfor- mance over generic and non-
adaptive approaches.

TABLE 12. Empirical Results for Naive Bayes

IArea, Ghana

ing SVM and Naive Bayes
classi- fiers

Study [Dataset |Application Scenario Performance Key Findings
Metrics
[162] [Tourism  reviews  forilComparative review|Jimbaran Beach:The Naive Bayes classifier]
Jimbaran analysis using |Accuracy demonstrated variable
Beach and Kuta Beach INaive Bayes classifier = 82%-89%; Kutaaccuracy across different iterations, with|
Beach: Accuracy =Jimbaran Beach achieving higher
66%-79% accuracy compared to Kuta Beach. The
results highlight the effectiveness of the
model in sentiment analysis and|
classification tasks.
[163] |Geospatial data for theMineral prospectivitySVM AUC = 0.90;The SVM-derived model exhibited
Gomoa mapping us- Naive higher accuracy

Bayes AUC =
0.83;

IProspective  zones:
SVM =

181.62 km? NB
296.02

(AUC = 0.90) compared to the Naive]
Bayes model (AUC 0.83). Both|
models effectively delineated
prospective mineral zones, with the
SVM model cov- ering a smaller area|
but showing superior predictive

km?

performance.

and functionally dependent features [164], [165]. The clas-
sifier’s accuracy is better predicted by the amount of class
information lost due to the independence assumption rather
than the degree of feature dependencies [164], [165]. In
ranking tasks, Naive Bayes outperforms decision tree algo-
rithms and competes well with more sophisticated models
[166]. It achieves optimal ranking for certain problem types,
even when its classification is suboptimal [166]. While
Naive Bayes demonstrates good accuracy compared to
other mod- els, the advantage of its low-complexity
inference may not be as significant as previously thought
[167].

K MEANS CLUSTERING

The goal of K-Means is to minimize the variance within each
cluster, thereby grouping similar data points together while
separating dissimilar ones. For example, in market segmen-
tation, K-Means can be used to categorize customers into
distinct groups based on their purchasing behaviors,
allowing companies to target their marketing efforts more
effectively. In image compression, K-Means helps in
reducing the num- ber of colors in an image by clustering
similar colors, thus enabling more efficient storage and
processing. In healthcare,

K-Means can cluster patient data to identify common patterns
in symptoms or treatment responses. Table 13 showcases
various applications and results of K-Means clustering across
different domains, highlighting its practical utility and effec-
tiveness.
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K-means clustering is a widely studied algorithm in data
mining, with various modifications and applications.
Empiri- cal studies have compared K-means with its
variants, such as Bisecting K-means, Fuzzy C-means, and
Genetic K-means, using internal and external validity
indices ( [170]. While K-means and Bisecting K-means
show similar performance, Fuzzy C-means and Genetic K-
means often outperform the standard K-means algorithm
[170],[171]. The choice of dis- tance/similarity metric in K-
means can significantly impact its accuracy, performance,
and reliability [172]. The behavior of K-means is also
influenced by the dataset characteristics, with well-isolated
clusters resulting in more local minima compared to
overlapping clusters [173]. These empirical evaluations
provide valuable insights into the strengths and limitations
of K-means and its variants, guiding researchers and
practitioners in selecting appropriate clustering algo- rithms
for specific applications

St [Dataset  |Applicatio[Perfor
ud n Scenariomance
y Metrics
[1 |Grape leafiDiagnosis SVM [The proposed
68limages  |of  grapeAccuracimethod  using
I leaf y SVM achieved
diseases high ac-

us- = curacy (98.97%
ing K- with PCA) and
means 98.71%, was faster]
clustering compared to
and SVM deep  learning
imethods. K-
= means

98.97%; clustering effec-
CNN =tively separated
86.82%, |disease areas for|
Google (feature

INet  =extraction.
94.05%
[1 [Home Multi- INSGA- [The
69health careobjective [I1,

Key Findings

LCM

PCA

hybrid
approach ~ with

] [routing  |evolutiona [SPEA2, [K-means
ry ap-  [Hybrid [improved Pareto
proach forwith K-set quality for
routing andmeans |balancing
scheduling service time and
tardiness.
GAUSSIAN MIXTURE MODEL
GMMs are particularly useful for identifying

subpopulations within a dataset, capturing complex
patterns, and providing flexible and probabilistic clustering
solutions. For example, in customer segmentation, GMMs
can classify customers into distinct groups based on
purchasing behavior, allowing businesses to tailor
marketing strategies more effectively. Inimage processing,
GMMs can segment different objects or regions within an
image by modeling the pixel intensity distributions. In
finance, GMMs are employed to model asset returns and
identify underlying market regimes or anomalies. Table 14

provides examples and results of how GMMs have been
effectively applied across various fields, demonstrating their
versatility and capability in handling complex data
modeling tasks.

GMMs have been widely applied in various domains,
particularly for skin color modeling and large-scale data
analysis. In skin color detection, GMMs outperform single
Gaussian models for medium to high true positive rates,
although all models perform similarly at low false positive
rates [176]. GMMs have also been used effectively for skin
pixel learning across different ethnicities [177]. For large-
scale applications, coresets can significantly reduce training
time for GMMs while maintaining accuracy. These coresets
have size polynomial in dimension and number of mixture
components, independent of dataset size [178]. In-memory
analysis of GMMs using shared-nothing relational data man-
agement systems like Myria has shown promising results,
performing up to an order of magnitude faster than Hadoop
for large astronomy and oceanography datasets [179]. These
studies demonstrate the versatility and efficiency of GMMs
in handling diverse and large-scale data analysis tasks.

PRINCIPAL COMPONENT ANALYSIS

PCA is widely used in various applications due to its effec-
tiveness in reducing the number of features while retaining
the essential structure of the data. It is particularly valuable
when dealing with high-dimensional data, as it helps in
uncovering the underlying patterns and reducing computa-
tional complexity. For instance, in image processing, PCA
can compress image data by capturing the most significant
features, allowing for more efficient storage and processing.
In finance, PCA is used to analyze and reduce the com-
plexity of financial portfolios by identifying the principal
components that explain the majority of the variance in asset
returns. In genomics, PCA helps in identifying patterns in
gene expression data, which can be critical for understanding
genetic variations and their impact on diseases. Table 15
illustrates some of the notable applications and results of
PCA in various domains.

PCA empirical studies have shown that PCA can effi-
ciently decompose and represent radiated emissions from
circuits, achieving significant efficiency savings in represent-
ing emitted radiation [182]. However, researchers caution
that PCA results can differ substantially from those of com-
mon factor analysis and maximum likelihood factor
analysis, particularly in the magnitudes and signs of factor
loadings, and in factor interpretation [183]. Despite these
differences, patterns produced by PCA, image component
analysis, and factor analysis have been found to be
remarkably similar across multiple datasets [184]. When
applying PCA, it is crucial to consider proper scaling of
variables, outlier de- tection, and determination of
significant components through methods like cross-
validation [185]. These empirical findings highlight both the
utility and potential limitations of PCA in various research
contexts.

FUTURE WORK
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A solid understanding of numerous machine learning tech-
niques and their applications has been established by our
current study. To improve the effectiveness and application of
these algorithms, however, a number of important areas need
to be further investigated and refined as this field develops.
This section describes our future work plans, which centre
on expanding into the field of deep learning and resolving
the limits found in our study.

OPTIMIZING MACHINE LEARNING MODELS
Despite the insights gained from our current research, there
remain several areas within machine learning where im-
provements can be made. Our future work will focus on the
following aspects:

Feature Engineering

A crucial aspect of machine learning that has a big impact on
model performance is feature engineering. To improve model
accuracy and interpretability, we intend to explore more
deeply into sophisticated feature engineering approaches in
our upcoming study. This entails investigating dimensionality
reduction  strategies, automated feature selection
methodolo- gies, and feature extraction algorithms. Through
the applica- tion of cutting-edge feature engineering
techniques combined with domain-specific knowledge, our
goal is to identify the

TABLE 14. Empirical Results for Gaussian Mixture
Model

St [Dataset ApplicationPerform [Key Findings
ud Scenario |ance
y Metrics
[1 (Generalized EM-like Semi-  |Achieved state-of-
74 (Category  (framework [supervise the-art
] |Discovery (for d performance  in
representa- both generic
tion learningGMM  |and  fine-grained
and  classwith image  datasets,
number esti- with highl
mation [prototypi [accuracy  across
cal various settings.
contrasti
ve
learning
[1 [Intrusion  [Stacked INon- SIGMOD
75 Detection  [Sparse linear  joutperforms
I IAutoencode |[dimensio [traditional
r and nality  imethods on
Improved [reduction[UNSW-NB15
Gaussian  |with dataset with
Mixture stacked [significant
Model sparse  [improvements in
accuracy and
autoenco frobustness.
der; joint]
optimizat
ion with
improved

Gaussian
mixture
model

TABLE 15. Empirical Results for Principal Component
Analysis

St [Dataset
ud

\Application
Scenario

PerformaKey Findings
nce
Metrics

Efficient
and

PCA-SIM achieves
high-speed,

robust l|artifact-free super-
algo- resolution imaging
rithm forof live cells with|
super-  jaccuracy below
resolution|0.01-pixel  wave
imaging; vector and 0.1°
non- relative phase.
iterative,
ac- curate
parameter
estima-
tion with
low SNR

[18|Structured
0] Ilu
mination
Microscopy
(SIM)

Principal
Component
|Analysis
(PCA-SIM)

[18|Spatial A modellCombines|Achieves efficient

1] [Distribution [integrating |[spatial [identification  of]
- Principal [spatial at- (distribu- [pollution sources
Component [tributes withtion andwith  agriculture
lAnalysis PCA tollinear being the largest
(SD-PCA) |assess  soiltransfor- [contributor

pol- lution mation for(65.5%). Shows
effective |varying degrees of]
pollu-  |contamination and
tion correla- tions
assessmenjamong metals like
it; Cr and Mn/Cu.
identifies
sources of
heavy
metals in
urban
areas

most informative features that can improve model perfor-
mance.

Regularization Techniques

In order to reduce overfitting and increase the generalisability
of machine learning models, regularisation techniques are
crucial. We plan to look into a number of regularisation
strategies, including ensemble approaches, dropout, and L1
and L2 regularisation. Evaluating these methods’ effects on
model stability and robustness is our main objective, espe-
cially when dealing with high-dimensional data. We will also
investigate new regularisation techniques that may improve
the resilience and performance of the model even more.
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Normalization and Standardization

When preparing data for machine learning models, stan-
dardisation and normalisation are essential steps.
Subsequent investigations will concentrate on assessing
various normali- sation methodologies, such as robust
scaling, z-score normal- isation, and min-max scaling. We
will evaluate how well they mitigate problems with scale,
outliers, and data distribution. Our goal is to increase the
convergence speed and overall performance of machine
learning algorithms by optimising data preprocessing
stages.

Hyperparameter Tuning

Hyperparameter tuning is a crucial aspect of optimizing ma-
chine learning models. We plan to explore advanced hyperpa-
rameter optimization techniques, such as grid search,
random search, Bayesian optimization, and evolutionary
algorithms. By systematically evaluating different
hyperparameter con- figurations, we aim to identify the
optimal settings for various models and enhance their
predictive accuracy. Additionally, we will investigate the
trade-offs between computational

efficiency and model performance in the context of hyper-
parameter tuning.

ADVANCEMENTS IN DEEP LEARNING

Deep learning is becoming a more potent paradigm in ma-
chine learning that has the ability to solve challenging real-
world issues. We plan to investigate the following areas of
deep learning in the future:

1) Exploring Popular Deep Neural Networks
Convolutional neural networks , recurrent neural networks
, and transformer models are among the deep neural
networks that we intend to study. We seek to assess each of
these archi- tectures’ performance in various scenarios, as
they each have unique applications and capabilities. We will
offer important insights into these models’ applicability for
particular tasks and domains by evaluating their advantages
and disadvan- tages.

INTEGRATING MACHINE LEARNING AND DEEP
LEARNING APPROACHES

Future research will also explore the integration of machine
learning and deep learning techniques. Combining these
approaches can leverage the strengths of both paradigms
and address their individual limitations. We will investigate
hybrid models that incorporate machine learning algorithms
for feature extraction and deep learning models for advanced
pattern recognition. This integrative approach has the po-
tential to enhance predictive performance and provide more
comprehensive solutions to complex problems [186].

ETHICAL CONSIDERATIONS AND RESPONSIBLE Al
As machine learning and deep learning technologies become
increasingly prevalent, ethical considerations and responsi-
ble Al practices are of paramount importance. Our future
research will address issues related to fairness, transparency,

and accountability in Al systems. We will explore methods
for mitigating biases, ensuring data privacy, and promoting
ethical use of technology. By incorporating these principles
into our research, we aim to contribute to the development of
Al systems that are both effective and socially responsible.

CONCLUSION

The area of machine learning is a broad one, where each
problem presents its share of obstacles and opportunities.
While every machine learning model has its set of SWIPES,
there is no universal algorithm that’s a one-for-all and can
manage every case effortlessly. Instead, achieving the best
results in machine learning depends as much on your better
judgment as on a model’s strengths.

As we progress in the field of ML, it’s critical to remember
that experience and judgment are still necessary companions
to the algorithms we use. The research offered here provides
practitioners with the knowledge they need to make
informed decisions, increasing the efficiency and efficacy
of their ML efforts. The presented explication algorithms,
their SWIPES, and the final strategic blueprint are useful
tools for unlocking the full potential of ML models and
navigating the convo- luted path to success in an ever-
changing profession.

Our research serves as a compass in this treacherous land-
scape, seeking to help your decision-making process. We
have provided elaborate information about the intuition and
SWIPES of 10 popular machine learning models and devel-
oped a pioneering flowchart to aid in the selection of the best
model for a specific dataset and problem. This flowchart, we
believe, is unrivaled in its capacity to simplify and speed the
model selection process.

Appendixes, if needed, appear before the acknowledg-
ment
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