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18.6 Note that to compute each split, we need to computeRemainder(Ai) for each at-
tributeAi, and select the attribute the provides the minimal remaining information, since the
existing information prior to the split is the same for all attributes we may choose to split on.

Computations for first split: remainders forA1, A2, andA3 are

(4/5)(−2/4 log(2/4) − 2/4 log(2/4)) + (1/5)(−0 − 1/1 log(1/1)) = 0.800

(3/5)(−2/3 log(2/3) − 1/3 log(1/3)) + (2/5)(−0 − 2/2 log(2/2)) ≈ 0.551

(2/5)(−1/2 log(1/2) − 1/2 log(1/2)) + (3/5)(−1/3 log(1/3) − 2/3 log(2/3)) ≈ 0.951

ChooseA2 for first split since it minimizes the remaining informationneeded to classify all
examples. Note that all examples withA2 = 0, are correctly classified asB = 0. So we only
need to consider the three remaining examples(x3, x4, x5) for whichA2 = 1.

After splitting onA2, we compute the remaining information for the other two attributes
on the three remaining examples(x3, x4, x5) that haveA2 = 1. The remainders forA1 and
A3 are

(2/3)(−2/2 log(2/2) − 0) + (1/3)(−0 − 1/1 log(1/1)) = 0

(1/3)(−1/1 log(1/1) − 0) + (2/3)(−1/2 log(1/2) − 1/2 log(1/2)) ≈ 0.667.

So, we select attribute A1 to split on, which correctly classifies all remaining examples.

18.7 See Figure S18.1, where nodes on successive rows measure attributesA1,A2, andA3.
(Any fixed ordering works.)
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Figure S18.1 XOR function representations: (a) decision tree, and (b) decision graph.

18.8 This is a fairly small, straightforward programming exercise. The only hard part is the
actualχ2 computation; you might want to provide your students with a library function to do
this.

18.9 This is another straightforward programming exercise. Thefollow-up exercise is to
run tests to see if the modified algorithm actually does better.

18.10 Let the prior probabilities of each attribute value beP (v1), . . . , P (vn). (These prob-
abilities are estimated by the empirical fractions among the examples at the current node.)

1



2.
R1(1, 1) = P (A1(xi) = 1|yi = 1) = 2

2
= 1

R1(1, 0) = P (A1(xi) = 1|yi = 0) = 2
3

R2(1, 1) = P (A2(xi) = 1|yi = 1) = 2
2
= 1

R2(1, 0) = P (A2(xi) = 1|yi = 0) = 1
3

R3(1, 1) = P (A3(xi) = 1|yi = 1) = 1
2

R3(1, 0) = P (A3(xi) = 1|yi = 0) = 1
3

x6 :
P (y6 = 1|x6 = 〈0, 0, 0〉)
∝ P (y6 = 1) · P (A1(x6) = 0|y6 = 1) · P (A2(x6) = 0|y6 = 1) · P (A3(x6) = 0|y6 = 1)
= 2

5
· 0
2
· 0
2
· 1
2
= 0.

P (y6 = 0|x6 = 〈0, 0, 0〉)
∝ P (y6 = 0) · P (A1(x6) = 0|y6 = 0) · P (A2(x6) = 0|y6 = 0) · P (A3(x6) = 0|y6 = 0)
= 3

5
· 1
3
· 2
3
· 2
3
= 4

45
> 0.

So we predict y6 = 0.
x7 :

P (y7 = 1|x7 = 〈0, 1, 1〉)
∝ P (y7 = 1) · P (A1(x7) = 0|y7 = 1) · P (A2(x7) = 1|y7 = 1) · P (A3(x7) = 1|y7 = 1)
= 2

5
· 0
2
· 2
2
· 1
2
= 0.

P (y7 = 0|x7 = 〈0, 1, 1〉)
∝ P (y7 = 0) · P (A1(x7) = 0|y7 = 0) · P (A2(x7) = 1|y7 = 0) · P (A3(x7) = 1|y7 = 0)
= 3

5
· 1
3
· 1
3
· 1
3
= 1

45
> 0.

So we predict y7 = 0.

With Laplace correction:
R1(1, 1) = P (A1(xi) = 1|yi = 1) = 3

4

R1(1, 0) = P (A1(xi) = 1|yi = 0) = 3
5

R2(1, 1) = P (A2(xi) = 1|yi = 1) = 3
4

R2(1, 0) = P (A2(xi) = 1|yi = 0) = 2
5

R3(1, 1) = P (A3(xi) = 1|yi = 1) = 2
3

R3(1, 0) = P (A3(xi) = 1|yi = 0) = 2
4

x6 :
P (y6 = 1|x6 = 〈0, 0, 0〉) ∝ 2

5
· 1
3
· 1
3
· 2
4
= 1

45
.

P (y6 = 0|x6 = 〈0, 0, 0〉) ∝ 3
5
· 2
5
· 3
5
· 3
5
= 54

625
> 1

45
.

So we predict y6 = 0.
x7 :

P (y7 = 1|x7 = 〈0, 1, 1〉) ∝ 2
5
· 1
3
· 3
4
· 2
4
= 1

20
.

P (y7 = 0|x7 = 〈0, 1, 1〉) ∝ 3
5
· 2
5
· 2
5
· 2
5
= 24

625
< 1

20
.

So we predict y7 = 1.

The decision tree predicts y6 = 0 and y7 = 0.
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