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‣ Dataset: Input vectors               , ground truth targets 

‣ Divide input space       into K decision regions  

‣ Every observed datapoint  

‣ Confusion matrix: ground truth classes vs. predicted classes 

‣ Diagonal elements: correctly classified 
‣ Off-diagonal elements: misclassified

2

Decision theory
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‣ Classification goal: Minimize the misclassification rate 

‣ Assume observations are drawn from joint distribution 

‣ Probability of a misclassification: 

Minimizing misclassification rate 

‣ Assign x to class Ck if                             

‣ Note: 
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Decision theory: Misclassification Rate
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Decision theory: Misclassification Rate

40 1. INTRODUCTION
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Figure 1.24 Schematic illustration of the joint probabilities p(x, Ck) for each of two classes plotted
against x, together with the decision boundary x = bx. Values of x ! bx are classified as
class C2 and hence belong to decision region R2, whereas points x < bx are classified
as C1 and belong to R1. Errors arise from the blue, green, and red regions, so that for
x < bx the errors are due to points from class C2 being misclassified as C1 (represented by
the sum of the red and green regions), and conversely for points in the region x ! bx the
errors are due to points from class C1 being misclassified as C2 (represented by the blue
region). As we vary the location bx of the decision boundary, the combined areas of the
blue and green regions remains constant, whereas the size of the red region varies. The
optimal choice for bx is where the curves for p(x, C1) and p(x, C2) cross, corresponding to
bx = x0, because in this case the red region disappears. This is equivalent to the minimum
misclassification rate decision rule, which assigns each value of x to the class having the
higher posterior probability p(Ck|x).

probability of making a mistake is obtained if each value of x is assigned to the class
for which the posterior probability p(Ck|x) is largest. This result is illustrated for
two classes, and a single input variable x, in Figure 1.24.

For the more general case of K classes, it is slightly easier to maximize the
probability of being correct, which is given by

p(correct) =
K∑

k=1

p(x ∈ Rk, Ck)

=
K∑

k=1

∫

Rk

p(x, Ck) dx (1.79)

which is maximized when the regions Rk are chosen such that each x is assigned
to the class for which p(x, Ck) is largest. Again, using the product rule p(x, Ck) =
p(Ck|x)p(x), and noting that the factor of p(x) is common to all terms, we see
that each x should be assigned to the class having the largest posterior probability
p(Ck|x).

Figure: joint probability distributions and decision 
boundary (Bishop 1.24)
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‣ Not all errors have the same impact! 

Example: Medical diagnosis of cancer  

‣ Error 1: Label a healthy person as having cancer.  

‣ Error 2: Label a sick person as healthy. Lack of treatment! 

‣ If cancer only occurs in 1% of all patients, a classifier which labels 
everyone as healthy has a misclassification rate of 1%!
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Minimizing the Misclassification Rate: Problems

①

② Class imbalance
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‣ Possible solution:  use different weights for different error 
types 

‣ Expected loss: 

Minimize expected loss: 

‣ Assign x to Ck if                                   is minimal
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Expected Loss
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‣ Discriminant functions   

Direct mapping of input to target 

‣ Probabilistic discriminative models 

Posterior class probabilities: 

‣ Probabilistic generative models 

Class-conditional densities: 

Prior class probabilities:
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Classification Strategies
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