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Algorithm
partition D.

Input:

Output:

Method:
(1
()
(3)
4)
(5)
(6)
(7
(®)

©)
(10)

(11)
(12)
(13)
(14)

(15)

: Generate_decision_tree. Generate a decision tree from the training tuples of data

- Data partition, D, which is a set of training tuples and their associated class labels;

- attribute_list, the set of candidate attributes;

- Attribute_selection_method, a procedure to determine the splitting criterion that “best”
partitions the data tuples into individual classes. This criterion consists of a
splitting _attribute and, possibly, either a split point or splitting subset.

A decision tree

Create a node N;
if tuples in D are all of the same class, C then

return NV as a leaf node labeled with the class C;
if attribute list is empty then

return N as a leaf node labeled with the majority class in D; / majority voting
apply Attribute_selection_method(D, attribute_list) to find the “best” splitting criterion;,
label node N with splitting_criterion;
if splitting_ attribute is discrete-valued and

multiway splits allowed then // not restricted to binary trees

attribute_list € attribute_list — splitting_attribute; // remove splitting_ attribute
for each outcome j of splitting_criterion
// partition the tuples and grow subtrees for each partition

let D; be the set of data tuples in D satisfying outcome j; // a partition

if D; is empty then

attach a leaf labled with the majority class in D to node N;

else attach the node return by Generate decision_tree (Dj, attribute_list) to node N;

end for

return N;
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2.2.2 megamsadeaulisaaulodiemaiin 1D3

Y ~ a v a &, aQ
maei 2.1 Jeyaisouiililsenoumsdadulodenouiiames (Hanand Kamber, 2006, p.299)

Qg

RID age income student credit_rating Class: buys_computer
1 youth high no fair no
2 youth high no excellent no
3 middle aged high no fair yes
4 senior medium no fair yes
5 senior low yes fair yes
6 senior low yes excellent no
7 middle_aged low yes excellent yes
8 youth medium no fair no
9 youth low yes fair yes
10 senior medium yes fair yes
11 youth medium yes excellent yes
12 middle_aged medium no excellent yes
13 middle aged high yes fair yes
14 senior medium no excellent no
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Gain(age) = Info(T) — Infoqge(T)
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youth middle aged senior
income | student | credit rating |  class income | student | credit rating | class
high no fair no medium no fair yes
high no excellent no low yes fair yes
medium no fair no low yes excellent no
low yes fair yes medium | yes fair yes
medium yes excellent yes medium no excellent no
income | student | credit rating | class
high no fair yes
low yes excellent yes
medium no excellent yes
high yes fair yes
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Info(age = youth)
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Gain(income) = Info(age = youth) — Info, . (age = youth)
=0.971 — 0.4
= 0.571

Gain(student) = Info(age = youth) — Info_. ,..(age = youth)
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(Clustering LARge Application), CLARANS(Clustering LARge Application based upon RANdomized
Search)
5 . v 1...-9) g @ @ () I o w
2) Hierarchical Method M3sangudoyallsznilazoideranmsuisveyasoniludiny
3 Y o Yy YR as ' vy X ' < o y
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9y
FAuTUAD Agglomerative approach N1J Divisive approach

step 0 step o step2  step3 stepd
1 1 ) )

Agglomerative
(AGNES)

A 4

Divisive

T T i T T "
DIANA
step4  step3  step2  step step 0 R

517 2.6 M3 vanqudeyaTasld AGNES taz DIANA (Han and Kamber, 2006, p.409)

ﬁaa&hamﬂﬁﬂmmmifﬁ"ﬂﬂzjmmuiﬂj"lﬁ'ufi AGNES  (Agglomerative NESting) Favzdlu
agglomerative hierarchical clustering, DIANA (Divisive ANAlysis) c’f;wztﬂu divisive hierarchical
clustering, BIRCH (Balanced Iterative Reducing and Clustering Using Hierarchies), CURE (Clustering
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Algorithm: k-means. The k-means algorithm for partitioning, where each cluster’s center is
represented by the mean value of the object in the cluster.
Input: - k, the number of cluster;
- D, a data set containing » objects;

Output: A set of k clusters.
Method:

(1) arbitrarily choose k objects form D as the initial cluster center;

(2) repeat

(3) (re)assign each object to the cluster to which the object is the most similar,

based on the mean value of the objects in the cluster;
(4) update the cluster means, i.c., calculate the mean value of the objects for each cluster;

(5) until no change:

v
%

gﬂﬁ 2.7 VUABUIT k-means (Han and Kamber, 2006, p.403)
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Algorithm: Bagging. The bagging algorithm — create an ensemble of models (classifiers or pre-
dictors) for a learning scheme where each model gives an equally-weight prediction
Input: - D, a set of d training tuple;
- k, the number of models in the ensemble;
- a learning scheme (e.g., decision tree algorithm, backpropagation, etc.)
Output: A composite model, M*.
Method:

(1) fori=1to kdo// create k models:

2) create bootstrap sample, D,, by sampling D with replacement
3) use D, to derive a model, 4/;
(4) end for

To use the composite model on a tuple, X:
(1)  if classification then
() let each of the k models classify X and return the majority vote;
(3)  if prediction then

@) let each of the k models predict a value for X and return the average predicted value;

v
%

517 2.9 Yun®YIT Bagging (Han and Kamber, 2006, p.367)
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Algorithm: Adaboost. A boosting algorithm—creates an ensemble of classifiers. Each one gives
a weighted vote

Input: - D, a set of d class-labeled training tuples;
- k, the number of rounds (one classifier is generated per round);
- a classification learning scheme.

Output: A composite model.

Method:

(1) initialize the weight of each tuple in D to 1/d;

(2) fori=1to kdo// foreach round:

(3) sample D with replacement according to the tuple weights to obtain D, ;
4) use training set D, to derive a model, M, ;

5) compute error(d4,), the error rate of M, (Equation 6.66)

6) if error(Af) > 0.5 then

(7)) reinitialize the weights to 1/d

3 go back to step 3 and try again;

9) end if

(10) for each tuple in D, that was cortectly classified do
(1D multiply the weight of the tuple by error(M)/(1 - error(M)); // update weights
(12) normalize the weight of each tuple;

(13) end for
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