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Machine Learning Methods
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There are two main types of machine learning methods: supervised and
unsupervised.

The main difference between the two approaches is that supervised learning relies
on prior knowledge of correct outputs or “truths,” meaning that the training data
includes known outcomes, whereas unsupervised learning seeks to uncover
hidden patterns and relationships in data without any guidance or pre-labeled
results.
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Supervised learning is typically applied to two main domains: classification and
regression.
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In contrast, unsupervised learning is used when data are unlabeled, requiring the
model to identify the natural structure and underlying patterns autonomously.
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First: Supervised Learning
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In supervised learning, a functional or mathematical model is created to establish
a relationship between independent variables and the target variable, with the
goal of predicting the correct label for new input data.
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A supervised learning algorithm always involves a dependent variable,
determined by a set of independent predictors.

The algorithm uses these predictors to build a predictive function that maps inputs
to outputs.
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Classification is a supervised learning process that aims to find a relationship
between data and labels, based on a pre-labeled training set.

In this learning type, the categories are predefined and are known as targets,
classes, or labels.
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The model aims to learn an approximate function f(x)f(x)f(x) that enables it to
predict the correct class for unseen data samples.
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Binary Classification
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It is the simplest type of classification, where each instance is assigned to one of
two predefined categories such as Yes/No or Positive/Negative.

A common example is predicting whether a client will be approved for a bank loan
or not.
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Multi-Class Classification
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In this learning type, each instance can belong to only one among several distinct
categories.

Example: classifying news articles into (Politics, Sports, Economy) or images of
animals into (Cats, Dogs, Birds).
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Multi-Label Classification
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In this type, a single sample can belong to multiple categories simultaneously.
Example: an economic article can be classified under both Finance and
International Trade categories at the same time.
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This approach is widely used in text analysis, digital media, and online
marketing.

4 )l (Regression)
Regression

Alasial Lgaaill adll (e Yoy (Continuous Values) b saiua e aghy sumll jlasiV) aading
Agaaad) daiil) ¢ AdEieall @l jurtial) p A8Rl) alag) 5o Caagl)

Regression is used to predict continuous numerical values rather than discrete
categorical outcomes.

The goal is to find the relationship between independent variables and the
numerical outcome.
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Examples include:

. Predicting students’ exam scores based on their weekly study hours.
. Estimating a car’s price based on its brand, year, and mileage.
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Regression can also be used in economic applications such as predicting GDP,
inflation rates, or future sales.
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Second: Unsupervised Learning
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Unsupervised learning occurs when data are not labeled or pre-classified.
In this case, the task is to organize ungrouped information based on similarities
and differences without any external guidance or supervision.
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In other words, the model is expected to autonomously discover hidden patterns
and structures within unlabeled data.

Hence the term “unsupervised”, because there is no supervisor to indicate what is
right or wrong.
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Algorithms of this type are used to organize or cluster data into groups with similar
properties and are particularly useful in exploratory data analysis.
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Clustering
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Clustering is the process of grouping data samples into a specified number of
clusters, such that the data points within each cluster are as similar as possible,
while the clusters themselves are clearly distinct from one another.
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Simply put, the goal of clustering is to make intra-cluster distances small and
inter-cluster distances large.
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This type of analysis helps uncover hidden relationships within data, such as
segmenting customers into consumer categories or identifying behavioral patterns
without prior knowledge.
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Applied examples include:

. In marketing, clustering algorithms can segment customers based on
age, income, and purchasing behavior.
. In biology, they can group genes with similar expression patterns.

¢ ¥ L& (Dimensionality Reduction)
Dimensionality Reduction
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Dimensionality Reduction refers to the process of reducing the number of
features in a dataset while retaining as much relevant information as possible.
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This technigue transforms data from a high-dimensional space to a lower-

dimensional space without losing essential characteristics.
One of the most common methods used is Principal Component Analysis (PCA).
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Its importance lies in improving data visualization and enhancing model
performance by removing redundant or irrelevant features.
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To illustrate the difference, imagine we want to teach a child a new language — for
example, English.
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In supervised learning, we give the child a dictionary with English words and their
Arabic translations.

The child learns quickly through direct examples but struggles to understand full
texts since they only learned word translations without sentence structure.
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In unsupervised learning, the child receives a collection of English books without
translation and learns through contextual understanding.

This process is slower and more complex, but it develops a deeper understanding of
the language and its grammar.
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This analogy highlights the fundamental difference between the two methods:

. Supervised Learning: faster but dependent on labeled data, limited to
what is explicitly provided.

. Unsupervised Learning: slower and more complex, yet broader in
scope and capable of discovering hidden structures.
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Fourth: Reinforcement Learning
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Reinforcement Learning (RL) is a distinctive branch of machine learning inspired
by the psychology of animal learning.

It revolves around learning optimal behavior within an environment to achieve
the maximum possible reward.
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The agent learns by interacting with the environment, performing actions, and
observing their effect on the reward.

Correct actions are rewarded while incorrect ones are penalized, leading the agent
to improve performance through trial and error.
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The system aims to develop a policy that defines the best possible action in every
situation to maximize cumulative rewards over time.
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Common applications of RL include:

. Training robots for autonomous navigation.



. Teaching Al systems to play strategic games such as Chess and Go.
. Intelligent control in industrial or traffic management systems.
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Fifth: Model Selection and Evaluation
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Model selection is one of the most crucial stages in developing an effective
machine learning system.

It involves choosing the most appropriate algorithm or optimal hyperparameters
for improved performance.
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Hyperparameters are pre-set before training, such as the number of layers in a
neural network or the learning rate.

Model parameters, on the other hand, are learned during training, such as the
network’s weights.
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To evaluate model performance, the data are typically divided into three subsets:

1. Training set — for learning.
2. Validation set — for tuning parameters.
3. Test set — for estimating generalization ability.
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If the model’s performance on the test set is similar to its validation results, it
indicates good generalization capability.
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Sixth: Validation Methods
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One of the most common evaluation techniques is Cross-Validation, particularly
the K-Fold method.
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The dataset is divided into k equal parts, where each part is used once for testing
while the remaining k-1 parts are used for training.
The final result is obtained by averaging all test outcomes.
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This method helps reduce overfitting risk and provides a more accurate estimate
of model performance.
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Seventh: Evaluation Metrics
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For classification models, the Confusion Matrix is commonly used, dividing
outcomes into four categories:
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Accuracy Metric

Accuracy=TP+TNTP+TN+FP+FN\text{Accuracy} = \frac{TP + TN}{TP + TN +
FP + FN}Accuracy=TP+TN+FP+FNTP+TN
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Error=1—Accuracy\text{Error} = 1 - \text{ Accuracy}Error=1—Accuracy

Accuracy measures the proportion of correct predictions among all input samples.
The Prediction Error is calculated as the complement of accuracy.
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While accuracy is crucial, it may not fully represent model performance—
especially under class imbalance.

Thus, complementary metrics such as Precision, Recall, and F1-Score are often
used.



