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Decision tree, random forest, hierarchical clustering

Why?
» Unsupervised learning

» Importance of parameters
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Decision tree

Is a Person Fit?

Age <307

Yes?/\No?

Eat'salot Exercisesin
of pizzas? the morning?

Yes?/\No? Yes?/\l\lo?

unfit! Fit Fit Unfit!

» Build a tree
» Nodes are yes-no questions
» Links are answers (yes/no)

» Leaves are classification statements
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Decision tree

» Which parameter to pick first?

» The one which classifies the data best

» What is best? — information gain or Gini index
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Information entropy

> H(s) = > cec —p(c)logy p(c), € = {yes,no}
» For the full set:
» 9 out of 14 are yes:

H(s) = ——

9.5
14 8214~ 14

log, — = 0.41 +0.53 =0.94
%8214 +
» Information entropy for perfectly separated H = 0, information
entropy of perfectly mixed system H =1




Information gain, for every feature:
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Information entropy of the original minus the one of the divided

sunny

overcast

E (Outlook=sunny) = —Elog (3) —Elng (E) =0.971

E (Outlook=overcast) =—1 log(1) — 0log(0) =0

H(S,Outlook)
E (Outlook=rainy) = -—‘:-Iug E) —Elug (é) =0.971

Average Entropy information for Outlook

t)H(t
I(Outlook) ==+ 0.971 + =+ 0 + =+ 0.971 = 0.693 } ;p( e

Gain (Outlook) = E(S)— | (outlook) = 0.94-.693 = 0.247 => IG(4,8) = HS) - Ep(f)H(i)

teT
E (Windy=false) =—%log (i) == ‘2—‘10g (f—!) = 0.811

E (Windy=true) = — %log (%) = Elog (%) =1

Average entropy information for Windy

I (Windy) = % + 0.811 + ﬁ 1 =0.892

Gain (Windy) = E(S) -/ (Windy) = 0.94-0.892=0.048



Information gain, for every feature, pick the highest

Outlook Temperature
Info: 0.693 Info: 0.911
Gain: 0.940-0.693 Gain: 0.940-0.911 0.029
Humidity Windy
Info: 0.788 Info: 0.892
Gain: 0.940-0.788 0.152 Gain: 0.940-0.892 0.048
» So root node is Outlook.
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Decision tree: First level

Outlook is selected
as the root note

rain

sunny overcast

yes

further splitting
necessary Outlook = overcast
contains only
examples of class yes

» So root node is Outlook.

Page 8



Decision tree: Next levels, same procedure

necessal

Gain(Temperature) = 0.571 bits 1
Gain(Humidity ) =0.971 bits
Gain(Windy ) =0.020 bits

Humidity is selected

Pure leaves
— No further expansion necessary

» Next question is about Humidity.
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Final decision tree

Final decision tree

high normal

no"yes‘ ‘yes“nc‘
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Gini index

Page 11

> Gini=1-Y_.cp(c)? C={yes,no}
» For the full set:
> 9 out of 14 are yes:

» 9\? 52
G/n/—1—<14> —(14> =0.46

» For perfectly separated sample Gini index is zero.



Gini index, for two groups

» Fraction weighted sum of respective Gini indices

> Example:

Cass| A A A A A B BB B B
/0 0 001 1 1 0 1 0

> v=1: Gini(1) =1 - (1/4)> — (3/4)?
» v=0: Gini(0) =1— (4/6)% — (2/6)?
» Combined Gini:

. A 6 .. .
Gini = EGml(l) + l—OG/n/(O)
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Decision tree

» Advantages
> Fast
» Easy to interpret
» Can be combined with other techniques
» Disadvantages
» Very unstable (small change in the data, enormous change in
the tree)
» Very inaccurate
» Separation lines parallel to axes
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Random forest

> Bagging trees (Bootstrap Aggregating)
> Bagging: Average a given procedure over many samples to

reduce the variance
» Draw bootstrap samples from the the original sample and to

the training. Original dataset: x = c(x1, x2, ..., x100)
Bootstrap samples: bootl = sample(x, 100, replace =
True),

> Average the results

» Random forest
» When selecting the random sample fewer data is used
» Average the prediction of each tree
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Random forest

» Data importance measure
» How much the accuracy decreases when the variable is

excluded
» The decrease of Gini impurity when a variable is chosen to split

a node

n in A

DECISION TREE-1 nsclslou TREE-1 ns:lslou TREE

RESULT-1 RESULT-2 RESULT-N

|—t| MAJORITY VOTING / AVERAGING | 4—|

FINAL RESULT
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Random forest unsupervised

» How to make a decision tree without target?

» Create a synthetic data set

» Mark the original dataset with target 1 and the synthetic with
target 0

» Use random forest to find dissimilarity between the random
and the real data.

After each decision tree is trained, fit the original dataset
Points ending up in the same leaf are related.
Aggregating this events creates a similarity matrix.

Can use other methods to cut them into pieces
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Unsupervised random forest similarity matrix
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Unsupervised random forest: lIllustration

1 rCART 10 rCARTs

100 rCARTs 500 rCARTs

From: Eric Debreuve / Team Morpheme University Nice Sophia Antipolis
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Hierarchical clustering
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Tallinn
Helsinki
Riga
Stockholm
Moscow
Ottawa

London

Paris

Berlin

Beijing
wWashington D.C.
Rome

Buenos Alres
Cape Town
Canberra

Cairo
Singapore
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Hierarchical clustering

1. Define a norm between nodes d(a, b)
2. At the beginning each node is a separate cluster
3. Merge the two closest clusters into one
4. Repeat 3.
Norm between clusters ||A — B]

» Maximum or complete linkage clustering:
max{d(a,b) :a€ A, b€ B}

» Minimum or single-linkage clustering:
min{d(a,b) : a € A,b € B}

» Mean or average linkage clustering:

TATIB] 2 296

acA beB
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Hierarchical clustering
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Example: Temperatures in capitals

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Mow Dec

Tallinn -3 5 1 3 18 13 16 16 18 6 1 -2
Beijing -3 8 6 13 28 24 26 25 28 13 B -1
Berlin B -1 4 7 12 16 15 17 14 & 4 1
Bueshos Aires 23 22 28 16 13 18 418 11 13 16 158 22
Cairo 13 16 17 21 25 27 28 27 26 23 19 1B
Canberra 28 28 17 13 9 & & 7 9 12 15 18
Cape Town 21 21 28 17 15 13 12 13 14 16 158 28
Helsinki -5 -6 -2 3 18 13 18 15 18 5 8 -3
Landon 303 06 7 11 14 16 16 13 18 & B
Hascow -5 -7 -2 6 1z 15 17 1k 18 3 -2 -6
Ottawa -8 -5 -2 6 13 18 21 28 14 7 1 -7
Paris 3 04 7 18 13 16 19 19 16 11 & &
Riga -3 -3 1 65 41 18 47 16 12 7 2z -1
Rame g 48 11 12 417 28 23 23 21 17 12 9
Singopore 27 27 28 28 28 E8 Z8 23 ZY 27 2V Z
Stockholm -Z -3 8 3 18 14 17 16 11 & 1 -2

Washington D.C. 2 3 7 13 18 23 26 26 Z1 15 9 3
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Jan Feb Mar Apr Moy Jun Jul Aug Sep Oct Mow Dec

Tallinn -3 5 -1 3 18 13 16 165 18 6 1 -2
Beijing -3 @8 6 13 @ 24 26 6 9 13 B -1
Berlin B -1 4 7 12 16 18 17 14 9 4 1
Buenos Aires 23 22 28 16 13 18 18 11 13 16 15 22
Cairn 13 15 47 21 2R 27 28 27 26 23 19 1R
Canberra 28 2 17 13 9 6 5 7 9 12 15 18
Cope Town 21 E 28 17 16 13 12 13 14 16 15 28
Helzinki -5 6 -2 3 18 43 1v 15 18 5 8 -3
London 303 6 7 11 14 16 16 13 1A & &
Moscow -8 -7 -2 B 12 15 17 16 18 3 -2 -§
Ottawa -85 -2 6 13 18 214 28 14 7 1 -7
Paoris 3004 7 18 13 16 1% 19 16 11 6 &
Riga -3 31 65 11 45 17 16 12 7 Z -1
Rome 6 8 11 42 17 28 23 23 21 17 12 9
Singapore 27 27 28 28 8 28 28 28 27 27 27 %
Stockholm -2 3B 3 18 14 17 16 11 & 1 -2

Woshington D.C. 2 3 7 13 18 23 26 26 Z1 15 9 3
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Hierarchical clustering: problems

ol
Bk M a
» Advantages 753 8 % o %
. | ug‘ﬁugj‘g ~3a &
> Simple EREEHHTIDERE
REOEELORahE 0
| Fast Tallinn
H;‘lsj_:lki
» Number of clusters can be Riga
Stockholm
controlled Hoscow
» Hierarchical relationship Londen
. Berlin
» Disadvantages 8eijing
Washington D.C
> No a priori cutting level Buenos Aires
. Cape Town
» Meaning of clusters Canberra
Cairo
unc|ear Singapore
» Important links may be
missed
» Different result if one item
omitted
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