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Abstract. Statistical learning theory serves as the foundational
bedrock of Machine learning (ML), which in turn represents the
backbone of artificial intelligence, ushering in innovative solutions
for real-world challenges. Its origins can be linked to the point
where statistics and the field of computing meet, evolving into a
distinct scientific discipline. Machine learning can be distinguished
by its fundamental branches, encompassing supervised learning,
unsupervised learning, semi-supervised learning, and reinforcement
learning. Within this tapestry, supervised learning takes center
stage, divided in two fundamental forms: classification and
regression. Regression is tailored for continuous outcomes, while
classification specializes in categorical outcomes, with the
overarching goal of supervised learning being to enhance models
capable of predicting class labels based on input features. This
review endeavors to furnish a concise, yet insightful reference
manual on machine learning, intertwined with the tapestry of
statistical learning theory (SLT), elucidating their symbiotic
relationship. It demystifies the foundational concepts of
classification, shedding light on the overarching principles that
govern it. This panoramic view aims to offer a holistic perspective
on classification, serving as a valuable resource for researchers,
practitioners, and enthusiasts entering the domains of machine
learning, artificial intelligence and statistics, by introducing
concepts, methods and differences that lead to enhancing their
understanding of classification methods.

1 INTRODUCTION

Machine learning (ML) encompasses various disciplines, including statistics,
computer science, and other domains. Its unprecedented
surge in popularity over recent years has propelled it to the forefront of technological
advancements.
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Previously known by various names such as statistical learning, pattern
recognition, machine learning now encompasses a diverse array of methods that have
been meticulously studied, refined, and honed over decades [1, 2]. Statistics and
machine learning are closely related, with statistics providing the mathematical
foundation for creating interpretable statistical models that unlock the hidden insights
within complex datasets, as Samuel S. Wilks famously stated, "Statistical thinking
will one day be as necessary for efficient citizenship as the ability to read and write"
[3].

At the core of ML, we find the fundamental concept of auto-didactic. This concept
involves the utilization of statistical modeling, which is a subfield of mathematics
that focuses on establishing relationships between variables to make predictions [2],
to enhance performance based on data, which has become a key feature of ML [4, 5].

Arthur Samuel is widely credited with establishing the early principles of machine
learning, as we understand it today [5]. Although his definition did not explicitly
mention auto-didactic learning, this concept has evolved to become a fundamental
feature of machine learning [6, 7]. This approach has garnered widespread acceptance
for nearly six decades.

Computer science serves as the underpinning for ML, data mining, and computer
programming. Machine learning, in turn, occupies a specialized role within the larger
domain of data science. Data science's primary objective is to glean valuable insights
from vast datasets through the application of computer-driven methodologies [7].

The synergy among machine learning, statistical learning theory, and data science
is evident in their shared commitment to processing data, constructing adaptable
models, and making accurate predictions. In this context, SLT has been instrumental
in advancing the frontiers of ML research. The term 'data science' underscores the
creation of robust machine learning and computational methods capable of
addressing the challenges presented by the analysis of large-scale data [8, 9]. As
machine learning continues its meteoric rise, it has reshaped career trajectories,
propelling the role of the "Data Scientist" to the forefront as the most sought-after
profession of the 21st century [10].

While machine learning exhibits its prowess across diverse domains,
classification emerges as a pivotal discipline where its capabilities truly shine,
enabling precise predictions and empowering informed decision-making.
Understanding classification techniques is essential for achieving reliable results in
various domains [6, 11]. Supervised learning, particularly in relation to classification,
is of great significance as it influences the choice and application of algorithms that
drive successful outcomes [12]. These techniques find wide-ranging applications,
including data categorization, prediction, and pattern recognition.

The main objective of this work is to give a concise and insightful reference
manual on machine learning, intertwined with the tapestry of statistical learning
theory (SLT), elucidating their symbiotic relationship. It seeks to demystify the
fundamental concepts of classification, shedding light on the overarching principles
that govern it.

2 ARTIFICIAL INTELLIGENCE

The concept of Artificial Intelligence (Al) is rooted in the idea of mechanizing
thought, a notion that dates back centuries and can be found in myths such as that of
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Talos. The inception of modern Al, as we know it today, can be traced to Alan
Turing's publication in 1950 [5, 12], while the terminology of Al was first introduced
by John McCarthy in 1956 [9]. The objective of Al is to develop an intelligent
machine capable of exhibiting human-like intelligence, achieved through a
combination of software and hardware including ML and DL [6]. It is a technology
that enables intelligent systems to understand, interpret, and learn from data, making
intelligent decisions based on insights derived from it, such as voice assistants like

Siri [5].

3 MACHINE LEARNING

The act of learning involves acquiring knowledge through study, experience, or
being taught. It also encompasses becoming aware through information or
observation, committing information to memory, being informed of or ascertaining
something, and receiving instruction. Learning implies thinking and purpose [13, 14].

Machine learning (ML) is a branch of computer science and Al that empowers
computers to acquire knowledge and improve their performance without requiring
direct programming [2, 7, 15].

The historical context of ML algorithms is intertwined with the ongoing 4th
Industrial Revolution, as envisioned by Klaus Schwab. This revolution signifies a
profound shift in our way of life, work, and social connections. Fueled by ML, its
objective is to create a more interconnected world through technological
advancements, particularly the Internet. While it holds enormous potential, it also
presents new challenges [9].

ML algorithms are computational techniques employed for uncovering patterns
within datasets. They function by progressing through a sequence of well-defined
stages to generate a solution to a given problem. These algorithms often draw upon
principles from fields such as statistics, calculus, and linear algebra [5, 16].

4 Statistical Learning Theory

Statistical Learning Theory (STL) is a ML framework that integrates principles
from both statistics and functional analysis. It is primarily concerned with the
challenge of deriving predictive functions from data. Its origins can be traced back to
Russia in the 1960s, and it saw a surge in popularity during the 1990s with the
emergence of Support Vector Machines (SVMs).

Statistical learning methods serve as the foundation for developing machine
intelligence and hold a pivotal position in a wide range of fields, such as science,
finance, and industry. They also intersect with engineering and various other
disciplines [1, 2].

4.1 Synergies in Statistical Learning and Machine Modeling

The fundamental concept of statistical learning theory is to formulate predictive
functions derived from presented data, facilitating the extraction of insights and
enabling accurate predictions. While machine learning model is programs that can
find patterns or make decisions from a previously unseen dataset.
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Machine learning and statistical modeling share common attributes, forming the
basis of most modeling endeavors.

Both fields operate under the assumption that historical data or visual
examinations can be leveraged to predict future outcomes, thereby enhancing the
interpretation of the relationship between independent and dependent variables.
Figure 1 visually illustrates the conceptual relationship between machine learning and
statistical modeling [16, 17].

Statistical Modelling Machine Learning
Law of Nature Law of Nature
Input @ Output | Input $ Output
Derived Model

Fig. 1. Visualization scheme for Statistical Models and Machine Learning Concepts [17]

4.2 Distinguishing Machine Learning from Statistical Learning

The major difference between machine learning and statistics lies in their
underlying objectives. Machine learning models are crafted to optimize accuracy in
predictions, aiming for the most precise forecasts possible. On the other hand,
statistical models are formulated for the purpose of drawing inferences about
relationships among variables. While this statement is technically accurate, it may
not provide a fully clear or satisfactory explanation unless one is well-versed in these
concepts.

It is crucial to recognize that statistics and statistical models are not synonymous.
Statistics involves the mathematical study of data, and the application of statistical
models is used either to draw inferences about relationships within the data or to
construct a model capable of predicting future values. Frequently, these two aspects
are intertwined. To elaborate further, numerous statistical models can make
predictions, but their forte lies not necessarily in predictive accuracy. Table 1 shows
a comparison between Machine Learning and statistical learning [18].

Table 1 A comparison between Machine Learning and statistical learning

Statistical Learning Machine Learning
Branch of mathematics Branch of Artificial Intelligence
Applies mathematical equations Utilizes algorithms
Involves substantial human effort Demands minimal human intervention
Deals with smaller data sets Capable of learning from extensive datasets
Provides a best estimate and insights into Has strong predictive abilities
specific aspects, yet may offer limited Makes predictions
assistance in predictions. Acquires knowledge from data and
Makes inferences identifies patterns.
Acquires knowledge from samples,
populations, and hypotheses.

https://doi.org/10.1051/bioconf/20249700129
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4.3 Statistical Inference

Statistics is a branch of mathematics that deals with the collection, analysis,
interpretation, and the presentation of the data. Statistics can be classified into two
different categories:

Descriptive Statistics

Inferential Statistics

In Statistics, descriptive statistics describe the data, while inferential statistics
make predictions from the data. In inferential statistics, the data are taken from the
sample and allows you to generalize the population. In general, inference means
“guess”, which means making inference about something. So, statistical inference
means, making inference about the population. To take a conclusion about the
population, it uses various statistical analysis techniques.

In order for us to focus on how machine learning relates to statistical inference,
we’ll define machine learning as a way to use algorithms and statistical models to
analyze datasets and help data scientists organize data for analysis or make future
predictions.

Statistical inference within the realm of machine learning is the process of making
decisions or drawing conclusions by fitting a model and predictions to available data.

In data science, statistical inference involves making assumptions about future
occurrences based on the statistical analysis of existing datasets. By discerning
relationships within one dataset, statistical models can be leveraged to speculate that
similar results might manifest in another comparable dataset.

Inference can be approached through various paradigms, which provide a
foundation for understanding how certain ML algorithms operate and how specific
learning problems can be addressed. These paradigms encompass:

Induction: It involves the process of learning a general model from specific
examples.

Deduction: This paradigm is characterized by the use of a model to make
predictions.

Transduction: It pertains to the application of specific examples to make
predictions.

Figure 2. provides a visual summary of these three approaches [19].

Induction Deduction

Values of the
function at points
of interest

Fig. 2. Summary of three different approaches to statistical inference [19]

4.4 The intertwining of machine learning and statistical inference

In reality, these are two distinct tools closely intertwined, both firmly rooted in
the field of statistics. Machine learning, at its core, utilizes statistical methods to
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generate predictions according to predefined rules and parameters learned from a
dataset. On the other hand, statistical inference enriches statistics by applying models
to data, enabling the derivation of assumptions and drawing conclusions based on
relationships within the data. However, these tools can also be used together to
enhance accuracy and identify patterns in large datasets, ultimately leading to more
advanced data analysis [20].

4.5 The Evolution of Classical Statistics and the Development of
Statistical Learning Theory throughout History

The inception of classical statistics and statistical learning algorithms is illustrated

in Fig. 3.
[Year] [Methodologies] [Year]’ [Methodologies]
1763 - —» Bayes Theorem (1763) 1967 - —» Nearest Neighbor (1967)
1805 - —» Least Square (1805) 1975 - —» Cross validation procedure (1975)
1895 - —» Pearsons correlation (1895) 1977 - '.‘}* —» Ridge regression (1977)
1900 - » Chi square test (1900) 1979 - 4§ —» Bootstrap (1979)
19209 - —> Student's t-test (1909) 1979 - i — Neocognitron (1979)
1913 - —» Markov Chains (1913) 1981 —» Explanation Based Learning (1981)
1918 - — ANOVA (1218) 1982 - —» Recurrent Neural Network (1982)
1925 - — First mention of p<=0.05 (1925) 1989 - » Vapnik-Chervonenkis dimensions (1989)
1933 - » Null hypothesis testing (1933) 1989 - —» Reinforcement Learning (1989)
1937 - » Confidence intervals (1937) 1992 - —» support vector machine (1992)
1943 - —» Artificial Neuron (1943) 1992 - —» Bias-Variance tradeoff (1992)
1950 - — Turing's Learning Machine (1950) 1995 —» Random decision Forest Algorithm (1995)
19851 - — First Neural Network Machine (1951) 1996 - —» LASSO (1996)
1955 - —» Multiple-comparison problem (1955) 1997 - » Long short-term memory recurrent NN (1997)
1957 - » Perceptron (1957) 2001 - —» Random forests (2001)
1958 - —+ Logistic Regression (1958) 2005 - —» Elastic net (2005)
1959 - —» General Linear Model (1959) 2006 - —» Deep learning (2006)
1959 - —» Bonferronis correction (1959) 2010 - —» Rise of deep neutral networks (2010)
1961 - —» Curse of dimensionality (1961) 2012 - —» Post selection interference (2012)

Fig. 3. Classical statistics and the evolution of statistical learning [17]

5 ML Working Mechanism

The Machine Learning Process involves system learning from historical data to
construct prediction models. When new data is received, the system predicts the
output based on the established relationships between given parameters. The
algorithm is provided with a small training dataset to understand the problem and
various data points [21]. The accuracy of the predicted output relies on the quantity
of data utilized in constructing the model. Figure 4 illustrates the functioning of the
ML algorithm.

Training : . Building

Input past Machine ]ealnlng Logical

data Algorithm Models
Learn from T

data New data

Fig .4. Working of ML algorithm [6]
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The ML process is typically divided into two steps, as illustrated in Fig. 5.
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Fig .5. Machine learning process [21]

Training in the context of ML pertains to executing an algorithm on a dataset,
known as training data, to identify specific patterns or outputs. This results in the
creation of a trained ML model that is comprised of rules and data structures [16].

As per the official definition of machine learning presented by Mitchell in 1997,
a computer program learns from experience (E) with respect to a class of tasks (T)
and a performance measure (P) if its performance in tasks belonging to (T)
demonstrates improvement as it accumulates experience (E).

In the testing phase, the learning model utilizes the execution engine to forecast
the outcomes for the test or production data. Labelled data serves as the result of the
learning model, offering the ultimate forecast or categorized information [21].

The learning process encompasses a variety of ML models that utilize specific
algorithms, and all ML algorithms adhere to the same core principles [5].

6 TYPES of ML

ML algorithms are trained using labeled or unlabeled data or a combination of
both. Therefore, the type of information needed for a specific task determines the type
of machine learning model that is developed. As a result, four primary types of
machine learning have been developed as [6, 9, 22]:

6.1 Supervised Learning

Supervised learning (SL) is a ML approach in which labeled data is employed to
train a system in making predictions according to this training [15]. It is similar to
human learning with a teacher, where specific examples are used to derive general
rules. The training dataset serves as an instructor, guiding the machine to make
accurate predictions. This technique helps predict future events using past experience
and labeled examples [5, 9]. This technique is widely used in various domains such
as image classification, and spam filtering [16]. The primary objective is to discover
a mapping function connecting input (x) and output variables (y).

In SL, models are trained using a labeled dataset, where in the model becomes
acquainted with different data types. Following the completion of the training
process, the model is evaluated using test data (which is a subset of the training set),
and then it generates predictions, as depicted in Fig. 6.
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Fig .6. SL procedure [23]

6.1.1 Types of Supervised Machine Learning Algorithmes

SL algorithms include:

Regression, a concept from the field of statistics, constitutes a form of statistical
analysis designed to explore the association among a response variable (target
variable or dependent variable) and one or several predictors (independent variables).

Most prevalent category is linear regression (LR) as in Fig. 7, which generates a
line that best fits the given data using a mathematical criterion [24]. These algorithms
are useful when there is a correlation between the input and output variables as in
market trends or weather forecasting [9, 14].

Data Points

Dependent
WVariable

Line of Regression

Independent
Variable X

Fig .7. Regression [24]

There are several popular regression algorithms in as in Fig. 8 [22].
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Fig .8. Popular regression algorithms.

The advantages and disadvantages of regression are given in Table 2.
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Table 2 Advantages and disadvantages of regression [25]

Advantages Disadvantages
LR is a statistical approach that offers a LR may not be well-suited for
straightforward understanding and addressing nonlinear relationships and
mitigates overfitting using intricate patterns. Incorporating the
regularization. It proves effective when necessary polynomial terms into the
there exists a linear correlation between model can be a challenging task.
the covariates and the response variable. Furthermore, LR often simplifies
Shifts the emphasis from statistical excessively many real-world issues by
modeling to data analysis and pre- presuming a linear connection between
processing. Nevertheless, it is typically the average of the dependent and
not advised for many real-world independent variables, even when such a
applications due to its oversimplified relationship may not exist in practical
approach to complex problems. scenarios.

Classification is a type of SL method that entails the classification of data into
specific classes. It is a recursive process that recognizes and group’s data objects into
pre-defined categories or labels. This technique is used to forecast the outcome of a
particular issue using input attributes. It can be applied to organized or disorganized
data. The classes are commonly denoted as target, label, or categories [26]. The
objective of classification is to assign an unknown pattern to a known class. For
example, it can be used to predict whether a tumor is benign or malignant in X-ray
mammography [9]. Classifying emails as "spam" or "not spam" is a common
application of classification [27] as in Fig. 9.

n
T
]
3

Fig .9. Classification example [26]

Both classification and regression algorithms can be employed for prediction in
ML and they function using labeled datasets. However, the differentiation between
classification and regression lies in their specific applications in ML problems. Figure
10 provides an illustrative example highlighting the distinction between regression
and classification [28].
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Regression
What is the temperature going to
be tomorrow?

PREDICTION

Classification
Will it be Cold or Hot tomorrow?

,

Fig .10. An example representing the difference between regression and classification [28]
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6.2 Unsupervised Learning

Unsupervised learning entails the process of training a machine without knowing
the output, using only input samples or labels. It discovers patterns in data and creates
its own data clusters as in Fig. 11.

Unlabelled Data Machine Results
EBNOR®) y OO
AOLD — ZFh %} —— 0O

Fig .11. The process of unsupervised learning [23]

This technique is useful for identifying unknown patterns in data, such as
recommender systems used in online shops that utilize unsupervised ML, specifically
employing a method known as clustering [15, 16]. This method is similar to how
humans determine that specific objects or occurrences belonging to the same category
through observation their level of resemblance. It provides insights into the meaning
of data and complements supervised learning algorithms [5, 10]. There exist two
primary categories of unsupervised learning algorithms:

Clustering: Clustering is a method employed for categorization objects into
discrete classes based on shared characteristics. This involves dividing a dataset into
subsets or clusters using a defined distance measure. Clustering, similar to regression,
is an information analysis method that can reveal interesting patterns or trends in data
[21]. It involves organizing objects into groups that are alike to each other and distinct
from those in other clusters. The results of clustering can be visualized graphically
[29], as shown in Fig. 12. Clustering can be applied in various fields, including

cybersecurity [22], where it can be used for feature reduction and clustering purposes
[30].

10



BIO Web of Conferences 97, 00129 (2024) https://doi.org/10.1051/bioconf/20249700129
ISCKU 2024

®e®0C0O® ®e® oo
COO®® ®® ©0O
CO®PO oy

' T lYe

CeOe® 00 ee
ocee®e® OO0 ee

v

Fig .12. Clustering [29]

Association Analysis: It focuses on finding interesting relationships in large
datasets, such as identifying associations between different items; for example,
people who buy (P) are also the ones who tend to buy (Q).

Some common examples of unsupervised learning algorithms [6, 16, 29, 30] are
shown in Fig. 13.

E Unsupervised Learning Algorithm J

-
K-means for clustering problems - - Principal Component Analysis

S A

hl '
KNN (k-nearest neighbors) - - Singular Value Decomposition
J

l i~
[ Hierarchal clustering - = Independent Component Analysis j

- .
™ I
Anomaly detection - 1 - Neural Networks
A .
) "~
[ Apriori algorithm - > Singular value decomposition
S .

Fig .13. Unsupervised Learning Algorithms

6.3 Semi-Supervised Learning

Semi-Supervised Learning (SSL) is a potent method that integrates both
supervised and unsupervised learning to improve learning accuracy. It addresses the
challenge of limited labeled data by leveraging the abundance of unlabeled data [14,
21]. By utilizing both labeled and unlabeled data, SSL reduces the cost of labeling
while enhancing performance and accuracy [6].

In SSL, the algorithm initially trains on a small labeled dataset and then
incorporates a larger unlabeled dataset, as depicted in Fig. 14.

ML Model

csss (S Le)
o®ee ——— 5
L X X 1 ] B.E. B E.

Small amount of
labeled dataset

dataset

Large amount of
unlabeled dataset

*e
[ X ]
L 3.d
*oe
*e
L X J
*®

Fig .14. The process of SSL use-case [23]
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This approach overcomes the limitations of supervised and unsupervised learning.
SSL finds applications in diverse fields like speech analysis, categorization of web
content, classification of protein sequences, and sorting text documents [30]. Several
techniques exist for SSL, which are described below [31] in Fig. 15.

— Self-Training

— Generative Models

— Pseudo-Labeling

— Transfer Learning

— Tranductive SVM

Semi-Supervised Learning
[

— Co-Training

Fig .15. SSL Techniques

6.4 Reinforcement Learning

Reinforcement Learning (RL) is a special form of ML that gives the ability to
machines and software entities to determine maximum efficiency in order to achieve
desired outcomes [30]. Unlike traditional approaches, RL relies on trial-and-error
experiments by receiving feedback that reinforces favorable outputs and discourages
non-favorable ones. As the agent accumulates experience, it improves upon itself and
becomes better at making decisions to achieve its objective as shown in Fig. 16, where
an agent interacts with a dynamic environment, receiving rewards and punishments,
to achieve a specific goal without explicit guidance from a teacher [16, 21]. RL is
commonly applied in decision-making scenarios [22]. By learning from positive or
negative feedback based on past experiences, RL informs the agent's decision-making
process [5, 6].

Suh ——————, —_— P——

Fig .16. The Process of RL [23, 32]
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RL is based on the Markov decision-making process, where successive decisions
are made, and RL problems typically consist of an agent, environment, rewards, and
policy [22]. The goal of RL is to learn the best policy through trial-and-error methods
that leverage accumulated experience [21].

Although sometimes considered a subset of semi-supervised learning, RL is
widely recognized as a distinct form of machine learning studied across various
disciplines due to its generality [22]. RL is applied in various domains such as game

12
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theory, operations research, and genetic algorithms [14]. One practical example of
RL is autonomous driving.

7 Classification in General: A Historical Journey and
Modern Applications

Categorizing information is a fundamental process used in understanding the
world around us and organizing knowledge. It is represents a crucial domain in
computer science and artificial intelligence, serving as a fundamental concept for data
organization and analysis.

Historical development:

Classification, the procedure of classifying (dividing) the things and then grouped
into categories, has a long history dating back to ancient times, when humans used
simple classification to organize ideas and information. Philosophers and natural
scientists have greatly contributed to its development, with the growth of chemistry,
mathematics, and computer science in the nineteenth and twentieth centuries [33].
With this development in science and technology, the complexity of classification
has increased to include incorporating theories from information technology and
statistical probabilities.

Modern Classification Techniques and Application:

In the 21st century, the significance of classification has grown exponentially due
to technological advancements. Where it is works as an important tool in bringing
order to chaos and making sense of big data in today's world. Modern classification
relies on artificial intelligence and machine learning techniques, applied in data
filtering, pattern analysis, contextual understanding and build informed decisions in
various fields such as government, economics, medicine (classification is used to
diagnose diseases and discover appropriate treatments) , computer science, data
science, and statistical analysis etc.

Challenges and the Future of Classification:

Despite significant progress, classification techniques face challenges, such as
data continuously increases and there exist a growing gap between data generation
and our understanding of it. Valuable information often remains hidden and
underutilized within this vast amount of data, such as handling unstructured data and
the complexity of intelligent models. Improving classification accuracy and
maximizing its utility across various domains pose future challenges.

Information classification extends beyond the mere organization of knowledge; it
represents a precise technical challenge that continues to evolve. By understanding
its history and embracing modern techniques, information classification plays a vital
role in shaping the future of data mining, data analysis and adaptation to the dynamic
landscape of modern information technology, fostering the development and
progression of societies [13].

7.1 Basic Concepts of Classification

Classification is based on fundamental principles that involve a model with two
key functions:

Firstly: The model is used as a predictive tool to classify instances that were
previously unlabeled. It should provide accurate predictions quickly and efficiently.

13
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Secondly: The model functions as a descriptive tool used to pinpoint the
distinctive characteristics that differentiate cases from various classes. This is
especially vital in important areas such as medical assessment, particularly in
situations where it is essential for the model not only to predict but also to provide
justification for its decision-making process [34].

7.2 The General Idea behind Classification

The general idea behind classification can be illustrated in Fig. 17.

Input Output

. Classification
Atftribute set |:> model |:{> Class label

() V)

Fig .17. The General Idea of Classification [34]

In classification, data is composed of instances defined by a tuple (x, y), where
(x) represents the attributes pertaining to the case, (y) represents the corresponding
class label. A classification model captures the connection between the feature set
and the class label, which is expressed mathematically in Equation (1) as a target
function f.

fe) =y (1)

This function predicts the class label based on the input features (x) or takes the
attribute set (x) as input and produces a predicted class label (y) as output. The
accuracy of the model is determined by its ability to correctly predict the class label
(y) given a set of features (x) [34].

8 Statistical Approaches TO CLASSIFICATION

The work on classification can be segmented into two primary stages within the
statistical community.

The first stage, referred to as the classical stage, focused on developing linear
discrimination methods derived from Fisher's earlier work.

The second stage, known as the modern stage, employs more flexible models that
attempt to estimate. The combined distribution of the attributes within each category
to establish a classification base. Statistical classification methods are distinguished
by their use of a defined probability model to estimate the likelihood of belonging to
each category, rather than a simple categorization [35] .

8.1 Classification and Predictive Modeling

In ML, classification Indicates to predictive modeling which is a statistical
approach that utilizes ML and data mining to predict likely future results by analyzing

14
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historical and existing data. It enables the prediction of various scenarios, such as TV
ratings, customer behavior, credit risks, and more. Predictive modeling alternatively
referred to as predictive analytics. The phrase 'predictive analytics' is commonly used
in commercial applications, while "predictive modeling" is favored in academic
settings.

From a modeling perspective, the process involves training a model using a
dataset that includes a variety of input examples and their corresponding class labels.
The model learns how to map input data to specific class labels through this training
process. It is crucial to have a representative training dataset with sufficient examples
for each class label. Class labels are typically converted into numeric values using
label encoding, where each class is assigned a unique integer value (e.g., spam = 0,
not spam= 1) [27, 35, 36].

8.2 The General Framework for Classification

The general framework for classification involves assigning labels to unlabeled
data instances using a classifier. This classifier is created using a training set that
includes attribute values and class labels. A model is developed based on this training
set, which is then used to forecast the class labels of new, unlabeled instances. Figure
18 provides an illustration of this process [34].

Model

Fig .18. The general framework of classification [37]

9 Types of Classification

The classification technique is a SL technique that uses labeled inputs. A
categorical output feature (y) corresponds to an input variable (x), expressed as in
Equation (1) [22]. Classification tasks can be grouped into four primary categories:

9.1 Binary Classification

Binary classification is a type of SL in ML that has only two possible outcomes
including options like affirmative or negative or spam or non-spam [23] etc. This task
typically involves one class representing the usual status (positive) and an alternative
category signifying the unusual status (negative). For instance, "not spam" represents
the usual status, and "spam" characterizes the unusual status. The standard condition
is labeled as class 0, whereas the atypical condition is labeled as class 1.
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A typical approach to modeling binary classification tasks is to use a Bernoulli
probability distribution, where the Bernoulli distribution applies to situations with
binary outcomes, represented as O or 1. The model forecasts the likelihood of an
instance belonging to class 1, which corresponds to the unusual state [26, 27, 34, 36].

9.2 Multi-Class Classification

Multi-class classification is a classification scenario in which there are multiple
classes, exceeding the typical two-class classification scenario, and each outcome is
assigned to only one label. Unlike binary classification, there are no notions of normal
and abnormal outcomes in multi-class classification, and examples are classified into
a range of known classes. A prevalent method for addressing multi-class
classification tasks involves employing a model that forecasts a Multinoulli
distribution (also known as a categorical distribution) for each individual case. This
distribution is applicable to situations where an event results in a categorical outcome
and extends the concept of the Bernoulli distribution. An example of multi-class
classification would be to classify emails into three classes, spam messages, non-
spam messages, and drafts [27].

9.3 Multi-label Classification

Multi-label classification entails the prediction of two or more class labels for
each instance, in contrast to binary or multi-class classification, where only a single
label is predicted. An illustration of multi-label classification is the prediction of a
movie's genre, where it can be categorized as horror, romance, adventure, action, or
a combination of these genres. In order to handle multi-label classification tasks, it is
common to utilize a model that predicts multiple outcomes by employing Bernoulli
probability distributions. This model generates multiple binary classification
predictions for each instance [26, 27]. As a result, it's an extension of multiclass
classification [22]. In Fig. 19 an image that represents the difference between binary
and multi-class classification [38].

BINMARY CLASSIFHC ATICOR BALILTI-CLASS CLASSIFICATIER

Fig .19. Binary vs Multi-class classification [38§]

9.4 Imbalanced Classification

Imbalanced classification is a category of classification task that occurs when the
distribution of data among the different classes is not equal. In such cases, most
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machine learning algorithms that assume equal data distribution may not work well.
Instances of this can be seen in tasks such as identifying fraudulent activities and
conducting medical diagnostic tests. Typically, these issues are represented as binary
classification problems, these tasks often necessitate the application of specialized
techniques to tackle the imbalance effectively [27, 36]. In Fig. 20 an image that
represents the distinction between Multi-Class Classification and Multi-Label
Classification [39].

Multi-Class Multi-Label
@ e O
. ..' Q . ‘.' ' Can have multiple
®

CQQQQ 0000 T it

Fig .20. The difference between Multi-class and Multi label classification [39]

10 conclusion

Machine learning and statistics have become more beneficial now. The popularity
of machine learning, especially in supervised learning, is steadily increasing. This
field has evolved into an essential component of people's daily lives, with a division
into classification and regression tasks, which are its primary categories for
forecasting information from either categorical or numerical datasets.

Examining the history and evolution of machine learning reveals that it is not
merely a discovery of knowledge; rather, it necessitates statistical thinking. Without
the application of machine learning methods, statistics cannot succeed on large and
complex datasets. Classical statisticians developed mathematical theories to support
their methods, based on probability theory to quantify uncertainty, rather than
empirical or practical validation.

The question arises among the majority of statisticians regarding whether machine
learning is part of statistics or not. The answer is essential to explore the approach
choices in both domains, considering that both methods rely on similar mathematical
principles articulated in distinct ways. However, many machine learning experts lack
familiarity with statistics, and conversely, statisticians often overlook machine
learning methods.

Throughout this article, we have dissected the key components of ML, elucidating
the underlying mechanisms and the learning process. By categorizing ML into
supervised, unsupervised, semi-supervised, and reinforcement learning, we have shed
light on the various paradigms used to train algorithms and make predictions.
Understanding these categories is essential for making informed choices in real-world
applications.

In the context of classification in machine learning and statistical inference, we
have embarked on a journey to decipher the intricate concepts, methods, and
divergence between these two fundamental domains.

Furthermore, this research highlighted the symbiotic relationship between
machine learning and statistical learning theory, demonstrating how each can benefit
from the other. It also sheds light on the role of classification in the realm of predictive
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modeling and the use of statistical inference techniques like induction, deduction, and
transformation in this context.

In conclusion, this article advocates for cooperation and communication not only
between machine learning experts and statisticians but also with medical doctors,
public policy makers, crime analysts, and scientists in various fields. This
collaborative approach allows the design of successful research studies, providing
predictions and insights between the increasing amounts of data and results. The goal
is to make more integrated, informed, and interpretable decisions in data analysis
tasks that can be confidently applied in the real world.
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