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Abstract:

In this article, we delve into machine learning algorithms and analyze how they function in solving
various problems. Machine learning algorithms are recognized as powerful tools for data analysis, event
prediction, and extracting valuable insights from large datasets. We will examine several key
algorithms, including supervised learning, unsupervised learning, reinforcement learning, and deep
reinforcement learning, discussing the advantages and disadvantages of each. Additionally, we will
explore the practical applications of these algorithms across various industries, including healthcare,
finance, and information technology, and how they can be implemented in real-world environments.
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and optimizing their performance in different settings.

Keywords: supervised learning, unsupervised learning, reinforcement algorithms, neural networks,
decision tree, clustering
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