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Abstract
Machine learning is a fundamental course in computer science and related fields, and it plays a
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critical role in developing students’ ability to apply mathematical knowledge to solve real-world
problems. The course content is characterized by a rigorous theoretical foundation, complex data
processing procedures, and broad practical applications. Through the study of machine learning,
students can master core methods for data analysis and model construction, enhancing their abili-
ties in abstract modeling, algorithmic reasoning, and innovative applications, while also fostering
their skills in problem formulation, hypothesis testing, and solving complex problems. Drawing on
years of teaching experience, this paper uses the logistic regression algorithm as a case study to
explore the teaching design and implementation strategies for machine learning courses. It focuses
on how case-driven teaching methods can help students better understand and master the princi-
ples of algorithms and application techniques. Through an in-depth discussion of the teaching con-
tent and instructional methods, this paper aims to provide a theoretical basis and practical insights
for improving the teaching effectiveness of machine learning courses.
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Table 1. Teaching design and implementation process of “Logistic Regression” course
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Figure 1. Schematic diagram of hyperbolic tangent function
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Figure 2. Schematic diagram of Sigmoid function
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