11.1 Suppose you change the shrinkage (or learning rate) parameter from A = 0.1
to A = 0.01, holding other parameters constant. What is the likely effect on the
number of trees (or iterations) that optimizes your criterion?
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11.2 The MART algorithm for boosting includes the following step: fi, = fiu—

1+ l.2 ]‘g*”'f« * J’z .‘._.]C?

fitted values. Figure 11.7 displays the fitted values of a logit boost algorithm for

m = 3 trees. The initial constant was estimated as fy = —.3. f

(a) John is aged 23 and has popularity 0.5. Suppose the trees were generated @ M= < ) ‘f\) = ~0.% GCX) =2 [Ob-c \'t’?)
without shrinkage (i.e., shrinkage = 1). What is the predicted probability Coe
P(y = 1) for John based on the three boosting trees? Pz e 4

(b) Maria is aged 53 and has popularity 1.3. Suppose the trees were generated lg"' tree=> —\.2 I
without shrinkage (i.e., shrinkage = 1). What is the predicted probability (e
P(y = 1) for Maria based on the three boosting trees?

(c) Suppose the trees were generated with shrinkage = 0.1. What is the predicted 2Nnd tree—=> — & ‘F = 08 ~12~|F~ a2
probability now for John and Maria after the first tree? Why is it not possible to : e - : . :
compute the predicted probability after the third tree? = -9\
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Fig. 11.7 Fitted values of a logit boost algorithm for m = 3 trees

11.3 Consider the regression tree in Fig. 11.8. The tree displays which variable is
used for splitting. The tree does not show the split value or which branch is the “yes”
or “no” branch because it is irrelevant for the question. The terminal nodes display
the y-values of all training observations that filter into that leaf. Because there are
a total of ten numbers in the leaves, there are a total of ten observations. There are
four x-variables: x1, x2, x3, x4. One of the x-variables, x4, was not used in any
split. A variable’s influence is based on the total reduction in sums of squares due to
that variable.
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Fig. 11.8 A regression tree

Compute the influence of the four x-variables based on this tree such that the sum
of the influences is 100%. You can compute this entirely by hand or use software
for intermediate steps and continue by hand.
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11.4 Multi-class problems often require the softmax function to convert the scores l\ oS
foreach class k = 1, ..., K to probabilities for each class: 4
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Multinomial regression, multi-class boosting, multi-class SVM (Platt’s method),

and multi-class neural networks all use the softmax function.

(a) Show that the probabilities are all positive and sum to 1. @

(b) For a sentiment analysis, reviews of a business are classified into positive, M(M-t( nomng | Ln Ogﬁ,%\
negative, or neutral. Using multinomial boosting, the final score fym after fitting

m trees for text xq is
Cuo =
fpusitiue.m(x(]) =-1, fnegan've,m (x0) = +1, fneutrnl.m (x0) = +2.
—| =l
Compute the probabilities 71 (xp), 72(x0), 73(x0). Is text xq classified as posi- T x) = e‘.il_). <€ = 0 o2F%
tive, negative, or neutral? t e'we 61. = o3¢ *
(
€
L2 (X) = — = 02¥v9
Tz x) (0 a5
c 2
= = o39r
T(} (.X} lOCﬁLF
Comprte  rCeduald > P, ==1=00%¥V = -lo3r

Yoz (- 0.2%Y9 =

Text \¢ ]Ike\\{ to Le cluseiRed  as  neutre

Repubrizrtion  Pocameter, v
XGBoost \eam:n‘- vrce

11.5 XGBoost has a regularization parameter, v. Like regular boosting, XGBoost H S
also has a learning rate (or shrinkage parameter), A. How does the effect of these
two parameters on the update to f,,_ differ?
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11.6 Consider a regression XGBoost model for the data in Table 11.2. Use a
learning rate of 0.5, and v = 0.5. Assume the maximal tree depth is 2.

(a) Initialize fy = 0.5. Build the first tree for XGBoost. You need to decide on the
splits; fitted values are computed below.
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(b) Prune the first tree using « = 0.5.

(c) Compute fitted values y;,, for the pruned first tree.

(d) Compute f.

(e) Why would fy = y in this case have been a better starting value than fy = 0.5?
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