MA477 Data Science 24 February 2026
MAA477: Data Science
Lesson 17 Outline — 24 February 2026
United States Military Academy, West Point
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1 Administrative
 Student review
* Work Problem Set 2 due tonight
¢ Classification comparison discussion
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Table 1: Compact comparison: n = sample size, p = dimension. Arrows indicate relative increase/decrease.

2 Classification Comparison Lesson Objectives

» Review all previous classification lessons since lesson 9

Concept Review Questions with Short Answers

1. Soft-margin SVM and C': In a soft-margin SVM, how does C' control the tradeoff between a wide margin and

margin violations? What happens to bias and variance as C' changes?

Answer: Large C' heavily penalizes violations, leading to a narrower margin, lower bias, and higher variance.
Small C' allows more violations, giving a wider margin, higher bias, and lower variance.

2. Maximum-margin idea: What does it mean to maximize the margin, and why can this improve generalization?

Answer: Maximizing the margin means maximizing the distance from the boundary to the closest training
points. Larger margins tend to reduce variance and improve generalization.
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3. Kernel purpose: What is the main purpose of a kernel function in SVM?
Answer: A kernel allows SVM to fit nonlinear boundaries by implicitly mapping data into a higher-dimensional
space without explicitly computing the transformation.

4. RBF kernel and v: What does ~ control in an RBF SVM?
Answer: v controls how local each point’s influence is. Large ~ gives very flexible, wiggly boundaries (low
bias, high variance). Small « gives smoother boundaries (high bias, low variance).

5. Feature scaling: Why is scaling important for some models? Name two examples.
Answer: Scaling ensures features contribute equally to distance or similarity calculations. It is especially
important for KNN and SVM.

6. KNN and k: How does changing k affect bias and variance?
Answer: At k = 1, KNN has low bias and high variance. As k increases, the boundary becomes smoother,
increasing bias and reducing variance.

7. Curse of dimensionality: Why does KNN struggle in high dimensions?
Answer: In high dimensions, distances between points become similar, making nearest neighbors less mean-
ingful and reducing predictive power.

8. Logistic regression vs SVM: What is the key conceptual difference?

Answer: Logistic regression models class probabilities directly, while SVM focuses on maximizing the margin.
Logistic regression is generally more interpretable.
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Parameter Where (SVC) Effect if In- Bias—Variance Interpretation (Concise)
creased
C All kernels Fewer  training Variance up, bias down. Larger C fits training
errors; narrower data more tightly (risk of overfitting). Smaller C'
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"scale" v (RBF/Poly) data variance  vent extreme 7y values when features are not stan-
and number of dardized; still may need tuning.
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tures)

scaling; often less robust than "scale".

Table 2: SVM (scikit-learn SVC) tuning parameters and their bias—variance interpretations.



