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Logistic regression involves direction modeling P(Y = k| X = ) using the logistic func-
tion for the case of two response classes. We now consider a less direct approach.
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Why do we need another method when we have logistic regression?
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. 3 LDA

3.1 Bayes’ Theorem for Classification

J(ak"ﬂ\ Suppose we wish to classify an observation into one of K classes, Where
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Estimating!fk(:r)l is more difficult unless we assume some particular forms.
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Let’s (for now) assume we only have 1 predictor. We would like to obtain an estimate for
fi(z) that we can plug into our formula to estimate px(z). We will then classify an obser-

vation to the class for which p,(x) is greatest. & M Fl®)
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Suppose we assume that fi(z) is normal. In the one-dimensional setting, the normal den-
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In practice, even if we are certam of our assumptlon that X is drawn from a Gaussian dis-
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The LDA test error rate is approximately 12.22% while the Bayes classifier error rate is
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The LDA classifier results from assuming that the observations within each class come
from a_normal distribution with a class-specific mean vectoy and a@mfon variance o-><3
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3.3p>1

We now extend the LDA classifier to the case of multiple predictors. We will assume
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In the case of p > 1 predictors, the LDA classifier assumes the observations in the kth
class are drawn from a multivariate Gaussian distribution N (g, 3). Gotamon soranizace
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Let’s perform LDA on the Default data set to predict if an individual will default on ,
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##
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e # training data confusion matrix
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3.4 QDA

LDA assumes that the observations within each class are drawn from a multivariate
Gaussian distribution with a class-specific mean vector and a common covariance matrix
across all K classes.

Quadratic Discriminant Analysis (QDA) also assumes the observations within each class
T ———————

are drawn from a multivariate Gaussian distribution with a class-specific mean vector but
now each class has its own covariance matrix.
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Under this assumption, the Bayes classifier assignes observation X = z to class k for
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Another method we can use to estimate P(Y = k|X = z) (and thus estimate the Bayes
classifier) is through the use of K-nearest neighbors.
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The KNN classifier first identifies the K points in the training data that are closest to the
test data point X = =, called N (z)&— wes yborhood.
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Just as with regression tasks, the ch01ce of K (nelghborhood size) has a drastic effect on
the KNN class1ﬁer obtained.
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5 Comparison

LDA vs. Logistic Regression
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