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o Output the “boosted” final hypothesis H(x) = sign(3>,_, ache(x))
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5) Given the following statistcs about the populariy score, deermine the root mode of the
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of the SDR values:
Average of (75, 90, 87)-84

Average of (75, §7)-%|
Std. Deviation of (75, 87)=6
(18 marks)
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b) Based on your regression tree with only the raot node in part (a), predict the popularity score of
users X and Y below.
[ [

User D | [ ings [ A3: Privacy level [ Popularity Score |
x| Many | Man | High I 3 |
oy 1 Few | Few | Low | ? |

T8 marley

Ans.
Based on Al as the root node, the popularity score of X is 84
Based on Al as the root node, the popularity score of Y is 48

) WITHOUT guessing/inducing the missing values (denoted as “~"), show how the popularity
score of the following data records should be predicted by your regression in part (a).
User ID | A1: Number offollowers | A2: Number of followings | A3: Priy Score
v Many Low ?
w1 High | ? |
(6 marks)

| Man |

Ans

Based on Al as the root node, the popularity score of V is 84

Based on Al as the root node, the popularity score of W is undetermined. If we consider also A3 as a
complimentary solution, the popularity score of W is 48. Both solutions are acceptable
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