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Classification Usin Decision TreesClassification Using Decision Trees

• Partitioning based: Divide search space into 
rectangular regionsrectangular regions.

• Tuple placed into class based on the region 
within which it falls.

• DT approaches differ in how the tree is built:• DT approaches differ in how the tree is built: 
DT Induction

• Internal nodes associated with attribute and 
arcs with values for that attribute.arcs with values for that attribute.

• Algorithms: ID3,  C4.5, CART

15



D i i TDecision Tree
Given:Given: 

– D = {t1, …, tn} where ti=<ti1, …, tih> 
– Database schema contains  {A1, A2, …, Ah}
– Classes C={C1, …., Cm}{ 1, , m}

Decision or Classification Tree is a tree associated with 
D such thatD such that
– Each internal node is labeled with attribute, Ai

– Each arc is labeled with predicate which can be 
applied to attribute at parent

– Each leaf node is labeled with a class, Cj

16



T i i D t tTraining Dataset

age income student credit_rating buys_computer
<=30 high no fair no

Thi
g

<=30 high no excellent no
31…40 high no fair yes
>40 medium no fair yes

This 
follows 

>40 medium no fair yes
>40 low yes fair yes
>40 low yes excellent no
31 40 l ll t

an  
example 31…40 low yes excellent yes

<=30 medium no fair no
<=30 low yes fair yes

example 
from 
Quinlan’s >40 medium yes fair yes

<=30 medium yes excellent yes
31 40 medium no excellent yes

Quinlan s 
ID3

31…40 medium no excellent yes
31…40 high yes fair yes
>40 medium no excellent no

17



Output: A Decision Tree for p
“buys_computer”

age?g

t<=30 30 40overcast<=30 >4030..40

student? credit rating?yes

no yes fairexcellent

no noyes yes

18



Al ith f D i i T I d tiAlgorithm for Decision Tree Induction

• Basic algorithm (a greedy algorithm)
– Tree is constructed in a top‐down recursive divide‐and‐conquer p q

manner
– At start, all the training examples are at the root
– Attributes are categorical (if continuous‐valued, they are discretized in 

advance)
Examples are partitioned recursively based on selected attributes– Examples are partitioned recursively based on selected attributes

– Test attributes are selected on the basis of a heuristic or statistical 
measure (e.g., information gain)( g , g )

• Conditions for stopping partitioning
– All samples for a given node belong to the same classp g g
– There are no remaining attributes for further partitioning – majority 

voting is employed for classifying the leaf

19

– There are no samples left



DT Induction
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DT S lit ADT Splits Area  

Gender
M

F

Height

21



C i DTComparing DTs

Balanced
Deep

22
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DT IDT Issues

• Choosing Splitting Attributes

• Ordering of Splitting Attributes

• Splits• Splits

• Tree Structure

• Stopping Criteria

• Training Data

P i• Pruning

23



Decision Tree Induction is often based on 
Information Theory

So

24



I f tiInformation
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I f ti /E tInformation/Entropy
Gi b bili i h i• Given probabilitites p1, p2, .., ps whose sum is 1, 
Entropy is defined as:

• Entropy measures the amount of randomness or 
surprise or uncertainty.su p se o u ce ta ty

• Goal in classification
– no surpriseno surprise
– entropy = 0

26



Attribute Selection Measure: 
Information Gain (ID3/C4.5)

Select the attribute with the highest information 
gaingain
S contains si tuples of class Ci for i = {1, …, m} 
i f i i f i d l ifinformation measures info required to classify 
any arbitrary tuple slogs),...,s,ssI( i

m
i

m21 2∑−=

entropy of attribute A with values {a1,a2,…,av}

s
log

s
),...,s,ssI(

i

m21 2

1
∑
=

py { 1 2 v}

)s,...,s(I
s

s...sE(A) mjj

v

j

mjj
1

1

1∑
=

++
=

information gained by branching on attribute A
j 1

(A))(G (A)
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Attribute Selection by 
Information Gain Computation

g Class P: buys_computer = “yes”
g Class N: buys_computer = “no”
g I(p n) = I(9 5) =0 940

)0,4(
14
4)3,2(

14
5)( += IIageE

g I(p, n) = I(9, 5) =0.940
g Compute the entropy for age:

means “age < 30” has 5 out ofage pi ni I(pi, ni)
694.0)2,3(

14
5

=+ I

)32(5 I means “age <=30” has 5 out of 

14 samples, with 2 yes’es  and 3 

’ H

age pi ni I(pi, ni)
<=30 2 3 0.971
30…40 4 0 0

)3,2(
14

I

no’s.   Hence>40 3 2 0.971
246.0)(),()( =−= ageEnpIageGainage income student credit_rating buys_computer

<=30 high no fair no

Similarly,

029.0)( =incomeGain

<=30 high no excellent no
31…40 high no fair yes
>40 medium no fair yes
>40 low yes fair yes
>40 lo es e cellent no

0480)(
151.0)(
029.0)(

=
ratingcreditGain

studentGain
incomeGain>40 low yes excellent no

31…40 low yes excellent yes
<=30 medium no fair no
<=30 low yes fair yes
>40 medium yes fair yes

28

048.0)_( =ratingcreditGain>40 medium yes fair yes
<=30 medium yes excellent yes
31…40 medium no excellent yes
31…40 high yes fair yes
>40 medium no excellent no



Oth Att ib t S l ti MOther Attribute Selection Measures

• Gini index (CART, IBM IntelligentMiner)
ll b d l d– All attributes are assumed continuous‐valued

– Assume there exist several possible split values for each 
attribute

– May need other tools such as clustering to get theMay need other tools, such as clustering, to get the 
possible split values

C b difi d f t i l tt ib t– Can be modified for categorical attributes

29



Gini Index (IBM IntelligentMiner)
• If a data set T contains examples from n classes, gini index, 

gini(T) is defined as ∑−=
n

p jTgini 21)(

where pj is the relative frequency of class j in T.
If d t t T i lit i t t b t T d T ith i N

∑
=j

p jTgini
1

1)(

• If a data set T is split into two subsets T1 and T2 with sizes N1
and N2 respectively, the gini index of the split data contains 
examples from n classes the gini index gini(T) is defined asexamples from n classes, the gini index gini(T) is defined as

)()()( 21 TginiNTginiNTgini +=

Th ib id h ll i i (T) i h li

)()()( 21 Tgini
NTgini

N
Tgini split +=

• The attribute provides the smallest ginisplit(T) is chosen to split 
the node (need to enumerate all possible splitting points for 
each attribute)

30
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Extracting Classification Rules from g
Trees

• Represent the knowledge in the form of IF‐THEN rules

• One rule is created for each path from the root to a leaf• One rule is created for each path from the root to a leaf

• Each attribute‐value pair along a path forms a conjunction

• The leaf node holds the class prediction

• Rules are easier for humans to understandRules are easier for humans to understand

• Example

IF age = “<=30” AND student = “no”   THEN buys_computer = “no”

IF age = “<=30” AND student = “yes”  THEN buys_computer = “yes”

IF “31 40” THEN b “ ”IF age = “31…40”  THEN buys_computer = “yes”

IF age = “>40”   AND credit_rating = “excellent”   THEN buys_computer = “yes”

IF age “< 30” AND credit rating “fair” THEN buys computer “no”

31

IF age =  <=30  AND credit_rating =  fair   THEN buys_computer =  no



A id O fitti i Cl ifi tiAvoid Overfitting in Classification

• Overfitting:  An induced tree may overfit the training data
– Too many branches, some may reflect anomalies due to noise or y y

outliers
– Poor accuracy for unseen samples

h id fi i• Two approaches to avoid overfitting
– Prepruning: Halt tree construction early—do not split a node if this 

would result in the goodness measure falling below a thresholdwould result in the goodness measure falling below a threshold
• Difficult to choose an appropriate threshold

– Postpruning: Remove branches from a “fully grown” tree—get a p g y g g
sequence of progressively pruned trees

• Use a set of data different from the training data to decide which 
is the “best pruned tree”is the  best pruned tree

32



Approaches to Determine the Final pp
Tree Size

• Separate training (2/3) and testing (1/3) sets

• Use cross validation, e.g., 10‐fold cross validation

• Use all the data for training• Use all the data for training

– but apply a statistical test (e.g., chi‐square) to estimate 
whether expanding or pruning a node may improve the 
entire distribution

• Use minimum description length (MDL) principle

– halting growth of the tree when the encoding is minimized

33



Enhancements to basic decision 
tree induction

• Allow for continuous‐valued attributes
D i ll d fi di l d ib h– Dynamically define new discrete‐valued attributes that 
partition the continuous attribute value into a discrete set 
f i lof intervals

• Handle missing attribute valuesg
– Assign the most common value of the attribute

A i b bili h f h ibl l– Assign probability to each of the possible values

• Attribute construction
– Create new attributes based on existing ones that are 
sparsely represented

CS490D 34

sparsely represented

– This reduces fragmentation, repetition, and replication



D i i T R lDecision Tree vs. Rules 

• Tree has implied order 
in which splitting is

• Rules have no ordering 
of predicatesin which splitting is 

performed.
of predicates.

• Tree created based on 
looking at all classes.

• Only need to look at 
one class to generate itsg one class to generate its 
rules.

35



Scalable Decision Tree Induction Methods 
in Data Mining Studies

• Classification—a classical problem extensively studied by 
statisticians and machine learning researchersstatisticians and machine learning researchers

• Scalability: Classifying data sets with millions of examples and 
h d d f ib i h bl dhundreds of attributes with reasonable speed

• Why decision tree induction in data mining?
– relatively faster learning speed (than other classification methods)
– convertible to simple and easy to understand classification rules
– can use SQL queries for accessing databases
– comparable classification accuracy with other methods

36



Scalable Decision Tree Induction Methods 
in Data Mining Studies

• SLIQ (EDBT’96 —Mehta et al.)
– builds an index for each attribute and only class list and the current y

attribute list reside in memory

• SPRINT (VLDB’96 — J. Shafer et al.)
– constructs an attribute list data structure 

• PUBLIC (VLDB’98 — Rastogi & Shim)
– integrates tree splitting and tree pruning: stop growing the tree earlier

• RainForest  (VLDB’98 —Gehrke, Ramakrishnan & Ganti)
h l bili f h i i h d i h– separates the scalability aspects from the criteria that determine the 

quality of the tree
– builds an AVC‐list (attribute, value, class label)builds an AVC list (attribute, value, class label)

37



I t B d M th dInstance‐Based Methods

• Instance‐based learning: 
– Store training examples and delay the processing (“lazy evaluation”) g p y p g ( y )

until a new instance must be classified

• Typical approaches
– k‐nearest neighbor approach

• Instances represented as points in a Euclidean space.
Locally weighted regression– Locally weighted regression

• Constructs local approximation
– Case‐based reasoningCase based reasoning

• Uses symbolic representations and knowledge‐based inference

38



Cl ifi ti U i Di tClassification Using Distance
• Place items in class to which  they are 
“closest”.

• Must determine distance between an item 
d land a class.

• Classes represented byp y
–Centroid: Central value.
–Medoid: Representative point.
– Individual pointsIndividual points

• Algorithm: KNN
39



The k‐Nearest Neighbor g
Algorithm

• All instances correspond to points in the n‐D space.
• The nearest neighbor are defined in terms of Euclidean g

distance.
• The target function could be discrete‐ or real‐ valued.
• For discrete‐valued, the k‐NN returns the most common value 

among the k training examples nearest to xq. 
• Voronoi diagram: the decision surface induced by 1 NN for a• Voronoi diagram: the decision surface induced by 1‐NN for a 

typical set of training examples.

_
+

_ _
+

_ .
. _ xq

+_

+ .
.

. .

40
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K N t N i hb (KNN)K Nearest Neighbor (KNN):

• Training set includes classes.

• Examine K items near item to be classified.

• Ne item placed in class ith the most• New item placed in class with the most 
number of close items.

• O(q) for each tuple to be classified.  (Here q 
i th i f th t i i t )is the size of the training set.)

41



KNNKNN
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KNN AlgorithmKNN Algorithm
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B i Cl ifi ti Wh ?Bayesian Classification: Why?

• Probabilistic learning:  Calculate explicit probabilities for 
hypothesis, among the most practical approaches to certain 
t f l i bltypes of learning problems

• Incremental: Each training example can incrementally 
increase/decrease the probability that a hypothesis is correctincrease/decrease the probability that a hypothesis is correct.  
Prior knowledge can be combined with observed data.

• Probabilistic prediction:  Predict multiple hypotheses, p p yp ,
weighted by their probabilities

• Standard: Even when Bayesian methods are computationally 
i t t bl th id t d d f ti l d i iintractable, they can provide a standard of optimal decision 
making against which other methods can be measured

44



B i Th B iBayesian Theorem: Basics

• Let X be a data sample whose class label is unknown
• Let H be a hypothesis that X belongs to class CLet H be a hypothesis that X belongs to class C 
• For classification problems, determine P(H|X): the probability 

that the hypothesis holds given the observed data sample Xyp g p
• P(H): prior probability of hypothesis H (i.e. the initial 

probability before we observe any data, reflects the p y y
background knowledge)

• P(X): probability that sample data is observed
• P(X|H) : probability of observing the sample X, given that the 

hypothesis holds

45



B ’ ThBayes’ Theorem

• Given training data X, posteriori probability of a hypothesis H, 
P(H|X) follows the Bayes theorem

)(
)()|()|( XP

HPHXPXHP =

• Informally, this can be written as 
posterior =likelihood x prior / evidence

)(XP

p p /

• MAP (maximum posteriori) hypothesis

)()|(maxarg)|(maxarg hPhDPDhPh =≡

• Practical difficulty: require initial knowledge of many

.)()|(maxarg)|(maxarg hPhDP
Hh

DhP
HhMAPh

∈∈
≡

Practical difficulty: require initial knowledge of many 
probabilities, significant computational cost

46



N ï B Cl ifiNaïve Bayes Classifier 

• A simplified assumption: attributes are conditionally 
independent: n

∏
=

=
k

CixkPCiXP
1

)|()|(

• The product of occurrence of say 2 elements x1 and x2, given 
the current class is C, is the product of the probabilities of 
each element taken separately, given the same classeach element taken separately, given the same class 
P([y1,y2],C) = P(y1,C) * P(y2,C)

• No dependence relation between attributes 
• Greatly reduces the computation cost, only count the class 

distribution.
O h b bili P(X|C ) i k i X h l• Once the probability P(X|Ci) is known, assign X to the class 
with maximum P(X|Ci)*P(Ci)

47



T i i d t tTraining dataset

age income student credit_rating buys_computer
<=30 high no fair noClass: 30 high no fair no
<=30 high no excellent no
30…40 high no fair yes

40 di f i

Class:
C1:buys_computer=
‘yes’
C2:buys computer= >40 medium no fair yes

>40 low yes fair yes
>40 low yes excellent no

C2:buys_computer=
‘no’

l
y

31…40 low yes excellent yes
<=30 medium no fair no
< 30 lo es fair es

Data sample 
X =(age<=30,
Income=medium,

<=30 low yes fair yes
>40 medium yes fair yes
<=30 medium yes excellent yes

Student=yes
Credit_rating=
Fair) y y

31…40 medium no excellent yes
31…40 high yes fair yes
>40 medium no excellent no

Fair)

48
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N ï B i Cl ifi E lNaïve Bayesian Classifier:  Example

• Compute P(X/Ci) for each class
P(age=“<30” | buys_computer=“yes”)  = 2/9=0.222
P(age=“<30” | buys computer=“no”) = 3/5 =0 6P(age= <30  | buys_computer= no ) = 3/5 =0.6
P(income=“medium” | buys_computer=“yes”)= 4/9 =0.444
P(income=“medium” | buys_computer=“no”) = 2/5 = 0.4
P(student=“yes” | buys computer=“yes)= 6/9 =0.667( y | y _ p y ) /
P(student=“yes” | buys_computer=“no”)= 1/5=0.2
P(credit_rating=“fair” | buys_computer=“yes”)=6/9=0.667
P(credit_rating=“fair” | buys_computer=“no”)=2/5=0.4
( d d d f )X=(age<=30 ,income =medium, student=yes,credit_rating=fair)

P(X|Ci) : P(X|buys_computer=“yes”)= 0.222 x 0.444 x 0.667 x 0.0.667 =0.044
P(X|buys_computer=“no”)= 0.6 x 0.4 x 0.2 x 0.4 =0.019

P(X|Ci)*P(Ci ) : P(X|buys_computer=“yes”) * P(buys_computer=“yes”)=0.028
P(X|buys_computer=“yes”) * P(buys_computer=“yes”)=0.007

X belongs to class “buys computer=yes”X belongs to  class  buys_computer yes

49



Naïve Bayesian Classifier: y
Comments

• Advantages : 
– Easy to implement y p
– Good results obtained in most of the cases

• Disadvantages
– Assumption: class conditional independence , therefore loss of 

accuracy
Practically dependencies exist among variables– Practically, dependencies exist among variables 

– E.g.,  hospitals: patients: Profile: age, family history etc 
Symptoms: fever, cough etc., Disease: lung cancer, diabetes etcSymptoms: fever, cough etc., Disease: lung cancer, diabetes etc 

– Dependencies among these cannot be modeled by Naïve Bayesian 
Classifier

• How to deal with these dependencies?
– Bayesian Belief Networks 
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S t t hi (SVM)Support vector machine (SVM)

• Classification is essentially finding the best 
b d b t lboundary between classes.

• Support vector machine finds the bestSupport vector machine finds the best 
boundary points called support vectors and 
b ld l f f hbuild classifier on top of them.

• Linear and Non‐linear support vectorLinear and Non‐linear support vector 
machine.
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E l f l SVMExample of general SVM

The dots with shadow around 

them are support vectors. 

Clearly they are the best dataClearly they are the best data

points to represent the

boundary. The curve is the

separating boundaryseparating boundary.
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SVM – Support Vector Machines

Small Margin Large Margin

Support Vectors

Small Margin Large Margin



O ti l H l blOptimal Hyper plane, separable case.

• In this case, class 1 and 
class 2 are separable.class 2 are separable. 

• The representing points 
are selected such that

00 =+ ββTx
are selected such that 
the margin between 
two classes are

X
two classes are 
maximized.
C d i

X
X

• Crossed points are 
support vectors. X

C
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SVM C tSVM – Cont.

• Linear Support Vector Machine

Given a set of points               with labeln
ix ℜ∈ }1,1{yi −∈

The SVM finds a hyperplane defined by the pair (w,b)
(where w is the normal to the plane and b is the(where w is the normal to the plane and b is the 
distance from the origin)

s.t.                     Nibwxy ii ,...,11)( =+≥+⋅

f b bi l l b l || || ix – feature vector, b- bias, y- class label, ||w|| - margin
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A l i f S blAnalysis of Separable case.

1.   Through out our presentation, the training data 
consists of N pairs:(x1,y1), (x2,y2) ,…, (Xn,Yn).consists of N pairs:(x1,y1), (x2,y2) ,…, (Xn,Yn). 

2.   Define a hyper plane:

}0)(:{ 0 =+= ββTxxfx

where β is a unit vector. The classification rule is :

][)( 0ββ += TxsignxG
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A l i C tAnalysis Cont.

3. So the problem of finding optimal hyperplane turns 
to: 1||||βββto: 

Maximizing  C on 
1||||,, 0 =βββ

Subject to constrain:

1)( NiCxy T =>+ ββ
4. It’s the same as :

.,...,1,)( 0 NiCxy ii =>+ ββ

Minimizing                subject to |||| β
T .,...,1,1)( 0 Nixy T
ii =>+ ββ
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G l SVMGeneral SVM

This classification problemThis classification problem

clearly do not have a goody g

optimal linear classifier.

Can we do better?Can we do better? 

A non‐linear boundary asA non linear boundary as 

shown will do fine.
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N blNon‐separable case

When the data set is

blnon‐separable as 

shown in the right 
00 =+ ββTx

g

figure, we will assign 

i h h
X

ξ*weight to each

support vector which 
X

X

ξ

pp

will be shown in the  X

constraint. C
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N Li SVMNon‐Linear SVM

Classification using SVM (w,b)
?

0ix w b⋅ + >
Classification using SVM (w,b)

i

In non linear case we can see this as 

0)(
?
>+ bwxK 0),( >+ bwxK i

Kernel – Can be thought of as doing dot product 
in some high dimensional space
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G l SVM C tGeneral SVM Cont.

Similar to linear case, the solution can be 

written as:
N

0'
1

0 )(),()()( βαββ +=+= ∑
=

iii

N

i
i

T xhxhyxhxf

But function “h” is of very high dimension 

sometimes infinity, does it mean SVM is 

i ti l?impractical?
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R lti S fResulting Surfaces
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R d i K lReproducing Kernel.

Look at  the dual problem, the solution 

only depends on                    . 

Traditional functional analysis tells us we
)(),( 'ii xhxh

Traditional functional analysis tells us we 

need to only look at their kernel y

representation: K(X,X’)=                       )(),( 'ii xhxh
Which lies in a much smaller dimension 

S th “h”Space than “h”.
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R t i ti d t i l k lRestrictions and typical kernels.

• Kernel representation does not exist all the 
ti M ’ diti (C t dtime, Mercer’s condition (Courant and 
Hilbert,1953) tells us the condition for this , )
kind of existence.

h f k l b• There are a set of kernels proven to be 
effective, such as  polynomial kernels and , p y
radial basis kernels.
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E l f l i l k lExample of polynomial kernel.

r degree polynomial:
K( ’) (1 ’ )dK(x,x’)=(1+<x,x’>)d.
For a feature space with two inputs: x1,x2 andFor a feature space with two inputs: x1,x2 and 
a polynomial kernel of degree 2.
K(x,x’)=(1+<x,x’>)2

Let 22Let 2
25

2
1423121 )(,)(,2)(,2)(,1)( xxhxxhxxhxxhxh =====

and                      , then K(x,x’)=<h(x),h(x’)>.216 2)( xxxh =
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SVM N l N t kSVM vs. Neural Network

• SVM
– Relatively new concept

• Neural Network
– Quiet OldRelatively new concept

– Nice Generalization 
properties

Quiet Old
– Generalizes well but 
doesn’t have strong

– Hard to learn – learned in 
batch mode using quadratic 

i h i

doesn t have strong 
mathematical 
foundation

programming techniques

– Using kernels can learn very 
complex functions

– Can easily be learned in 
incremental fashion

complex functions
– To learn complex 
functions – use 

l lmultilayer perceptron 
(not that trivial)
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O bl f SVMOpen problems of SVM.

• How do we choose Kernel function for a 
specific set of problems Different Kernel willspecific set of problems. Different Kernel will 
have different results, although generally the 

l b h i h lresults are better than using hyper planes.
• Comparisons with Bayesian risk forComparisons with Bayesian risk for 
classification problem. Minimum Bayesian risk 
is proven to be the best When can SVMis proven to be the best. When can SVM 
achieve the risk.
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O bl f SVMOpen problems of SVM

• For very large training set, support vectors 
i ht b f l i S d th bmight be of large size. Speed thus becomes a 

bottleneck.

• A optimal design for multi‐class SVM classifier.
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SVM R l t d Li kSVM Related Links

• http://svm.dcs.rhbnc.ac.uk/

• http://www kernel‐machines org/• http://www.kernel‐machines.org/

• C. J. C. Burges. A Tutorial on Support Vector Machines for Pattern 

Recognition Knowledge Discovery and Data Mining 2(2) 1998Recognition. Knowledge Discovery and Data Mining, 2(2), 1998. 

• SVMlight – Software (in C) http://ais.gmd.de/~thorsten/svm_light

d i S hi• BOOK:  An Introduction to Support Vector Machines
N. Cristianini and J. Shawe-Taylor
C b id  U i it  P  2000Cambridge University Press, 2000
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

i iBagging and Boosting



C bi i l ifiCombining classifiers

• Examples: classification trees and neural networks, 
several neural networks, several classification trees,several neural networks, several classification trees, 
etc.

• Average results from different models• Average results from different models
• Why?

– Better classification performance than individual classifiers
– More resilience to noise

• Why not?
– Time consumingTime consuming
– Overfitting



C bi i l ifiCombining classifiers

Ensemble methods classification

• Manipulation 

with modelwith model 

(Model= M(α))( ( ))

• Manipulation 

ith d t twith data set
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B i d B tiBagging and Boosting

• Bagging=Manipulation with data set

• Boosting = Manipulation with model 
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B i d B tiBagging and Boosting

• General idea 
T i i d t Classifier C

Classification method (CM)

Training data  Classifier C

CM

Altered Training data 
CM

Classifier C1

Altered Training data
CM

Classifier C2Altered Training data
……..

Classifier C2

Aggregation …. Classifier C*
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B iBagging

• Breiman, 1996

D i d f b t t (Ef 1993)• Derived from bootstrap (Efron, 1993)

• Create classifiers using training sets that are 
bootstrapped (drawn with replacement)bootstrapped (drawn with replacement)

• Average results for each case



B iBagging 

• Given a set S of s samples 
• Generate a bootstrap sample T from S. Cases in S may notGenerate a bootstrap sample T from S. Cases in S may not 

appear in T or may appear more than once. 
• Repeat this sampling procedure, getting a sequence of k p p g p , g g q

independent training sets
• A corresponding sequence of classifiers C1,C2,…,Ck is p g q

constructed for each of these training sets, by using the same 
classification algorithm 

• To classify an unknown sample X,let each classifier predict or 
vote 

• The Bagged Classifier C* counts the votes and assigns X to the 
class with the “most” votes

79



Bagging Example (Opitz, 1999)

Original 1 2 3 4 5 6 7 8Original 1 2 3 4 5 6 7 8

Training set 1 2 7 8 3 7 6 3 1Training set 1 2 7 8 3 7 6 3 1

T i i t 2 7 8 5 6 4 2 7 1Training set 2 7 8 5 6 4 2 7 1

Training set 3 3 6 2 7 5 6 2 2

Training set 4 4 5 1 4 6 4 3 8



B tiBoosting

• A family of methods

S ti l d ti f l ifi• Sequential production of classifiers

• Each classifier is dependent on the previous one, and p p ,
focuses on the previous one’s errors

• Examples that are incorrectly predicted in previous• Examples that are incorrectly predicted in previous 
classifiers are chosen more often or weighted more 
h ilheavily



B ti T h i Al ithBoosting Technique — Algorithm

• Assign every example an equal weight  1/N
• For t = 1 2 T DoFor t   1, 2, …, T Do 

– Obtain a hypothesis (classifier) h(t) under w(t)

– Calculate the error of h(t) and re‐weight the examplesCalculate the error of h(t) and re weight the examples 
based on the error . Each classifier is dependent on the 
previous ones. Samples that are incorrectly predicted are 
eighted more hea ilweighted more heavily

– Normalize w(t+1) to sum to 1 (weights assigned to different 
classifiers sum to 1)classifiers sum to 1)

• Output a weighted sum of all the hypothesis, with 
each hypothesis weighted according to its accuracyeach hypothesis weighted according to its accuracy 
on the training set 
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B tiBoosting

The idea
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Ad B tiAda‐Boosting

• Freund and Schapire, 1996

• Two approaches
– Select examples according to error in previous– Select examples according to error in previous 
classifier (more representatives of misclassified 

l t d)cases are selected) – more common

– Weigh errors of the misclassified cases higher (all 
cases are incorporated, but weights are different) 
– does not work for some algorithmsdoes not work for some algorithms



Ad B tiAda‐Boosting

• Define  εk as the sum of the probabilities for the 
misclassified instances for current classifier Ckmisclassified instances for current classifier Ck

• Multiply probability of selecting misclassified cases 
byby

βk = (1 – εk)/ εk
• “Renormalize” probabilities (i.e., rescale so that it 
sums to 1)

• Combine classifiers C1…Ck using weighted voting 
where Ck has weight log(βk)where Ck has weight log(βk)



Boosting Example (Opitz, 1999)

Original 1 2 3 4 5 6 7 8Original 1 2 3 4 5 6 7 8

Training set 1 2 7 8 3 7 6 3 1Training set 1 2 7 8 3 7 6 3 1

T i i t 2 1 4 5 4 1 5 6 4Training set 2 1 4 5 4 1 5 6 4

Training set 3 7 1 5 8 1 8 1 4

Training set 4 1 1 6 1 1 3 1 5
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

C iClustering
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Cl t i P blClustering Problem

• Given a database D={t1,t2,…,tn} of tuples and 
an integer value k the Clustering Problem isan integer value k, the Clustering Problem is 
to define a mapping f:D {1,..,k} where each ti
i i d l K 1 j kis assigned to one cluster Kj, 1<=j<=k.

• A Cluster, Kj, contains precisely those tuplesA Cluster, Kj, contains precisely those tuples 
mapped to it.
U lik l ifi ti bl l t t• Unlike classification problem, clusters are not 
known a priori.
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Cl t i E lClustering Examples

• Segment customer database based on similar 
b i ttbuying patterns.

• Group houses in a town into neighborhoodsGroup houses in a town into neighborhoods 
based on similar features.

• Identify new plant species

• Identify similar Web usage patterns• Identify similar Web usage patterns
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Cl t i E lClustering Example
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Cl t i L lClustering Levels

Size Based

92



Cl t i Cl ifi tiClustering vs. Classification

• No prior knowledge
– Number of clusters

– Meaning of clustersMeaning of clusters

• Unsupervised learning
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Cl t i IClustering Issues

• Outlier handling

• Dynamic data

• Interpreting results• Interpreting results

• Evaluating resultsg

• Number of clusters

• Data to be used

S l bilit• Scalability
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I f O li Cl iImpact of Outliers on Clustering
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T f Cl t iTypes of Clustering 

• Hierarchical – Nested set of clusters created.
P titi l O t f l t t d• Partitional – One set of clusters created.

• Incremental – Each element handled one at aIncremental  Each element handled one at a 
time.
Si lt All l t h dl d• Simultaneous – All elements handled 
together.

• Overlapping/Non‐overlapping
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Cl t i A hClustering Approaches

Clustering

Hierarchical Partitional Categorical Large DB

Agglomerative Divisive Sampling Compression
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Cl t P tCluster Parameters
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Di t B t Cl tDistance Between Clusters
• Single Link: smallest distance between points• Single Link: smallest distance between points
• Complete Link: largest distance between points
• Average Link: average distance between points
• Centroid: distance between centroids
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Hi hi l Cl t iHierarchical Clustering

• Clusters are created in levels actually creating sets of 
clusters at each level.clusters at each level.

• Agglomerative
I iti ll h it i it l t– Initially each item in its own cluster

– Iteratively clusters are merged together
– Bottom Up

• Divisive
– Initially all items in one cluster
– Large clusters are successively dividedg y
– Top Down
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Hi hi l Al ithHierarchical Algorithms

• Single Link

• MST Single Link

• Complete Link• Complete Link

• Average Linkg
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D dDendrogram

• Dendrogram: a tree data 
structure which illustratesstructure which illustrates 
hierarchical clustering 
techniques.techniques.

• Each level shows clusters for 
that levelthat level.
– Leaf – individual clusters

– Root – one clusterRoot  one cluster

• A cluster at level i is the union 
of its children clusters at levelof its children clusters at level 
i+1.
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L l f Cl t iLevels of Clustering
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P titi l Cl t iPartitional Clustering

• Nonhierarchical

• Creates clusters in one step as opposed to 
several stepsseveral steps.

• Since only one set of clusters is output, the 
user normally has to input the desired number 
of clusters kof clusters, k.

• Usually deals with static sets.
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P titi l Al ithPartitional Algorithms

• MST

• Squared Error

• K Means• K‐Means

• Nearest Neighborg

• PAM

• BEA

GA• GA
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K MK‐Means
• Initial set of clusters randomly chosen• Initial set of clusters randomly chosen.

• Iteratively, items are moved among sets of y, g
clusters until the desired set is reached.

• High degree of similarity among elements 
in a cluster is obtained.

• Given a cluster Ki={ti1,ti2,…,tim}, the cluster 
mean is mi = (1/m)(ti1 + … + tim)
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K‐Means ExampleK Means Example
• Given: {2,4,10,12,3,20,30,11,25}, k=2Given: {2,4,10,12,3,20,30,11,25}, k 2
• Randomly assign means: m1=3,m2=4
K {2 3} K {4 10 12 20 30 11 25}• K1={2,3}, K2={4,10,12,20,30,11,25}, 
m1=2.5,m2=16

• K1={2,3,4},K2={10,12,20,30,11,25}, 
m1=3,m2=18

• K1={2,3,4,10},K2={12,20,30,11,25}, 
m1=4.75,m2=19.61 . 5, 2 9.6

• K1={2,3,4,10,11,12},K2={20,30,25}, 
m =7 m =25m1=7,m2=25

• Stop as the clusters with these means are 
th
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K‐Means AlgorithmK Means Algorithm
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Cl t i L D t bClustering Large Databases

• Most clustering algorithms assume a large data 
structure which is memory residentstructure which is memory resident.

• Clustering may be performed first on a sample of 
h d b h li d h i d bthe database then applied to the entire database.

• Algorithmsg
– BIRCH

DBSCAN– DBSCAN

– CURE
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Desired Features for Large g
Databases

• One scan (or less) of DB
O li• Online

• Suspendable, stoppable, resumableSuspendable, stoppable, resumable
• Incremental
• Work with limited main memory
• Different techniques to scan (e g sampling)Different techniques to scan (e.g. sampling)
• Process each tuple once
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BIRCHBIRCH

• Balanced Iterative Reducing and Clustering 
using Hierarchiesusing Hierarchies

• Incremental, hierarchical, one scan

• Save clustering information in a tree 

• Each entry in the tree contains information 
about one clusterabout one cluster

• New nodes inserted in closest entry in tree
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Cl t i F tClustering Feature
• CT Triple:  (N,LS,SS)

– N:  Number of points in cluster

– LS:  Sum of points in the cluster

– SS: Sum of squares of points in the clusterSS:  Sum of squares of points in the cluster
• CF Tree

Balanced search tree– Balanced search tree

– Node has CF triple for each child

– Leaf node represents cluster  and has CF value for each 
subcluster in it.

– Subcluster has maximum diameter
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BIRCH Al ithBIRCH Algorithm
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Comparison of Clustering 
Techniques
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

A i i A iAssociation Analysis



ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

Sequential Patterns

Graph Miningp g
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A i ti R l P blAssociation Rule Problem
• Given a set of items I={I1,I2,…,Im} and a 
database of transactions D={t1,t2, …, tn} { 1, 2, , n}
where ti={Ii1,Ii2, …, Iik} and Iij ∈ I, the 
Association Rule Problem is to identify allAssociation Rule Problem is to identify all 
association rules X ⇒ Y with a minimum 

t d fidsupport and confidence.
• Link Analysisy
• NOTE: Support of X ⇒ Y is same as support 

f X Yof X ∪ Y.
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A i ti R l D fi itiAssociation Rule Definitions

• Set of items: I={I1,I2,…,Im}

• Transactions: D={t1,t2, …, tn}, tj⊆ I

• Itemset: {I I I } ⊆ I• Itemset: {Ii1,Ii2, …, Iik} ⊆ I
• Support of an itemset: Percentage of pp f g
transactions which contain that itemset.

• Large (Frequent) itemset: Itemset whose 
number of occurrences is above a threshold.number of occurrences is above a threshold.
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A i ti R l D fi itiAssociation Rule Definitions

• Association Rule (AR): implication X ⇒ Y 
h dwhere X,Y ⊆ I and X ∩ Y = ;

• Support of AR (s) X ⇒ Y: Percentage of• Support of AR (s) X  ⇒ Y: Percentage of 
transactions that contain X ∪Y

• Confidence of AR (α) X ⇒ Y: Ratio of 
number of transactions that contain X∪number of transactions that contain X ∪
Y to the number that contain X
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E l M k t B k t D tExample: Market Basket Data
f l h d h• Items frequently purchased together:

Bread ⇒PeanutButter

• Uses:
l– Placement 

– Advertisingg
– Sales
Coupons– Coupons

• Objective: increase sales and reduce costs
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A i ti R l E lAssociation Rules Example

I = { Beer, Bread, Jelly, Milk, PeanutButter}

Support of {Bread,PeanutButter} is 60%
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A i ti R l E ( t’d)Association Rules Ex (cont’d)
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A i ti R l Mi i T kAssociation Rule Mining Task

• Given a set of transactions T, the goal of association 
rule mining is to find all rules havingrule mining is to find all rules having 
– support ≥ minsup threshold

– confidence ≥ minconf threshold

• Brute‐force approach:
List all possible association rules– List all possible association rules

– Compute the support and confidence for each rule

– Prune rules that fail the minsup and minconf thresholds

⇒ Computationally prohibitive!



Mi i A i ti R lMining Association Rules
Example of Rules:Example of Rules:
{Milk,Diaper} → {Beer} (s=0.4, c=0.67)
{Milk Beer} → {Diaper} (s=0 4 c=1 0)

TID Items 

1 Bread, Milk 

2 i {Milk,Beer} → {Diaper} (s 0.4, c 1.0)
{Diaper,Beer} → {Milk} (s=0.4, c=0.67)
{Beer} → {Milk,Diaper} (s=0.4, c=0.67) 

2 Bread, Diaper, Beer, Eggs 

3 Milk, Diaper, Beer, Coke  
4 Bread Milk Diaper Beer {Diaper} → {Milk,Beer} (s=0.4, c=0.5) 

{Milk} → {Diaper,Beer} (s=0.4, c=0.5)

4 Bread, Milk, Diaper, Beer
5 Bread, Milk, Diaper, Coke  

 

Observations:
All th b l bi titi f th it t• All the above rules are binary partitions of the same itemset: 

{Milk, Diaper, Beer}

R l i i ti f th it t h id ti l t b t• Rules originating from the same itemset have identical support but
can have different confidence

Th d l th t d fid i t• Thus, we may decouple the support and confidence requirements



A i ti R l T h iAssociation Rule Techniques

1. Find Large Itemsets.

2. Generate rules from frequent itemsets.
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Mi i A i ti R lMining Association Rules

• Two‐step approach: 
1. Frequent Itemset Generation

– Generate all itemsets whose support ≥minsuppp p

2 Rule Generation2. Rule Generation
– Generate high confidence rules from each frequent 

i h h l i bi i i i fitemset, where each rule is a binary partitioning of a 
frequent itemset

• Frequent itemset generation is still 
computationally expensivecomputationally expensive



Frequent Itemset Generationeque t te set Ge e at o
null

A B C D E

AB AC AD AE BC BD BE CD CE DE

ABC ABD ABE ACD ACE ADE BCD BCE BDE CDE

ABCD ABCE ABDE ACDE BCDE

ABCDE

Given d items, there 
are 2d possible 
candidate itemsetsABCDE candidate itemsets



Frequent Itemset Generationeque t te set Ge e at o

• Brute force approach:• Brute‐force approach: 
– Each itemset in the lattice is a candidate frequent 
itemset

– Count the support of each candidate by scanning theCount the support of each candidate by scanning the 
database

TID It

Transactions

TID Items
1 Bread, Milk 
2 Bread, Diaper, Beer, Eggs 
3 Milk, Diaper, Beer, Coke 
4 Bread, Milk, Diaper, Beer 
5 Bread, Milk, Diaper, Coke

– Match each transaction against every candidate

5 Bread, Milk, Diaper, Coke
 

Match each transaction against every candidate

– Complexity ~ O(NMw) => Expensive since M = 2d !!!



Computational ComplexityCo putat o a Co p e ty

• Given d unique items:Given d unique items:
– Total number of itemsets = 2d

– Total number of possible association rules: 

⎤⎡ ⎞⎛ −⎞⎛ kdd1

1 1 ⎥
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d

R
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If d=6,  R = 602 rules



Frequent Itemset Generation q
Strategies

• Reduce the number of candidates (M)
– Complete search: M=2dComplete search: M=2
– Use pruning techniques to reduce M

• Reduce the number of transactions (N)
– Reduce size of N as the size of itemset increasesReduce size of N as the size of itemset increases
– Used by DHP and vertical‐based mining algorithms

• Reduce the number of comparisons (NM)
– Use efficient data structures to store the candidates or 
transactions

– No need to match every candidate against every 
transaction



Reducing Number of Candidateseduc g u be o Ca d dates
• Apriori principle:p o p c p e:

– If an itemset is frequent, then all of its subsets must also be 
frequentfrequent

• Apriori principle holds due to the following property of• Apriori principle holds due to the following property of 
the support measure:

)()()(:, YsXsYXYX ≥⇒⊆∀

– Support of an itemset never exceeds the support of its 
subsetssubsets

– This is known as the anti‐monotone property of support



Ill t ti A i i P i i l
null

Illustrating Apriori Principle
null

A B C D EA B C D E

AB AC AD AE BC BD BE CD CE DEAB AC AD AE BC BD BE CD CE DE

Found to be 
I f tInfrequent

ABC ABD ABE ACD ACE ADE BCD BCE BDE CDEABC ABD ABE ACD ACE ADE BCD BCE BDE CDE

ABCD ABCE ABDE ACDE BCDEABCD ABCE ABDE ACDE BCDE

ABCDEABCDE
Pruned 
supersetssupersets



A i iApriori

• Large Itemset Property:

Any subset of a large itemset is large.

• Contrapositive:p

If an itemset is not large, 

none of its supersets are large.
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A i i E ( t’d)Apriori Ex (cont’d)

s=30%            α = 50%
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A i i Al ithApriori Algorithm
T bl• Tables:
Lk = Set of k‐itemsets which are frequent
Ck = Set of k‐itemsets which could be frequent

• Method: 
Init. Let k=1

Generate L1 (frequent itemsets of length 1)Generate L1 (frequent itemsets of length 1)
Repeat until no new frequent itemsets are identified

a)Generate C(k+1) candidate itemsets from Lk frequenta)Generate C(k+1) candidate itemsets from Lk frequent 
itemsets

b)Count the support of each candidate by scanning theb)Count the support of each candidate by scanning the 
DB

c)Eliminate candidates that are infrequent, leaving onlyc)Eliminate candidates that are infrequent, leaving only 
those that are frequent



Illustrating Apriori Principleust at g p o c p e
Item Count

L1 a) No need to generate
candidates involving Coke (or Eggs)Bread 4

Coke 2
Milk 4 Itemset

C2

candidates involving Coke (or Eggs)

Itemset Count
Beer 3
Diaper 4
Eggs 1

Itemset
{Bread,Milk} 
{Bread,Beer} 
{Bread Diaper}

b) Counting

Itemset Count
{Bread,Milk} 3
{Bread,Beer} 2
{Bread,Diaper} 3

Minimum Support = 3

{Bread,Diaper}
{Milk, Beer} 
{Milk,Diaper} 
{Beer,Diaper}

{ , p }
{Milk,Beer} 2
{Milk,Diaper} 3
{Beer,Diaper} 3

 
{ , p }

c) Filter non-frequent

L2
Itemset Count 
{Bread,Milk} 3

a) No need to generate 
candidates involving 
{Bread, Beer}

Item set Count 
{Bread,M ilk,D iaper} 3 

L3

{Bread,Milk} 3 
{Bread,Diaper} 3 
{Milk,Diaper} 3 
{Beer,Diaper} 3 

{Bread, Beer}

Itemset 
{B d Milk Di }

C3 
b) Counting
c) Filter

 {Bread,Milk,Diaper}c) Filter



Apriori‐Gen Example
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Apriori Gen Example (cont’d)Apriori‐Gen Example (cont d)
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A i i Ad /Di dApriori Adv/Disadv

• Advantages:
– Uses large itemset property.

– Easily parallelizedEasily parallelized

– Easy to implement.

• Disadvantages:
– Assumes transaction database is memory– Assumes transaction database is memory 
resident.

– Requires up to m database scans.
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S liSampling
• Large databases
• Sample the database and apply Apriori to the p pp y p
sample.  

• Potentially Large Itemsets (PL): Large itemsetsPotentially Large Itemsets (PL): Large itemsets 
from sample

• Negative Border (BD ‐ ):• Negative Border (BD  ):
– Generalization of Apriori‐Gen applied to 
itemsets of varying sizes.

– Minimal set of itemsets which are not in PL, but,
whose subsets are all in PL.
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N ti B d E lNegative Border Example

PL PL ∪BD-(PL)
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S li Al ithSampling Algorithm

1. Ds = sample of Database D;
2 PL L it t i D i ll2. PL = Large itemsets in Ds using smalls;
3. C = PL∪ BD‐(PL);3. C   PL ∪ BD (PL);
4. Count C in Database using s;
5. ML = large itemsets in BD‐(PL);
6 If ML =∅ then done6. If ML = ∅ then done
7. else C = repeated application of BD‐;

8. Count C in Database;
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S li E lSampling Example
• Find AR assuming s = 20%
• Ds = { t1,t2}s { 1, 2}
• Smalls = 10%
• PL = {{Bread} {Jelly} {PeanutButter} {Bread Jelly}• PL = {{Bread}, {Jelly}, {PeanutButter}, {Bread,Jelly}, 
{Bread,PeanutButter}, {Jelly, PeanutButter}, 
{Bread Jelly PeanutButter}}{Bread,Jelly,PeanutButter}}

• BD‐(PL)={{Beer},{Milk}}
• ML = {{Beer}, {Milk}} 
• Repeated application of BD‐ generates allRepeated application of BD generates all 
remaining itemsets
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S li Ad /Di dSampling Adv/Disadv

• Advantages:
– Reduces number of database scans to one in the 
best case and two in worst.

– Scales better.

Di d• Disadvantages:
– Potentially large number of candidates in secondPotentially large number of candidates in second 
pass
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P titi iPartitioning

• Divide database into partitions D1,D2,…,Dp

• Apply Apriori to each partition

• Any large itemset must be large in at least one• Any large itemset must be large in at least one 
partition.
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P titi i Al ithPartitioning Algorithm

1. Divide D into partitions D1,D2,…,Dp;

2. For I = 1 to p do

3 Li = Apriori(Di);3. Li = Apriori(Di);

4. C = L1 ∪ … ∪ Lp;;
5. Count C on D to generate L;
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P titi i E lPartitioning Example
L1 ={{Bread}, {Jelly}, {PeanutButter}, {Bread}, {Jelly}, {PeanutButter}, 
{Bread,Jelly}, {Bread,PeanutButter}, {Bread,Jelly}, {Bread,PeanutButter}, 
{Jelly, PeanutButter}, {Jelly, PeanutButter}, 
{Bread,Jelly,PeanutButter}}{Bread,Jelly,PeanutButter}}

D1

L2 {{B d} {Milk} {P tB tt }{B d} {Milk} {P tB tt }

D2

L2 ={{Bread}, {Milk}, {PeanutButter}, {Bread}, {Milk}, {PeanutButter}, 
{Bread,Milk}, {Bread,PeanutButter}, {Milk, {Bread,Milk}, {Bread,PeanutButter}, {Milk, 
PeanutButter}, {Bread,Milk,PeanutButter}, PeanutButter}, {Bread,Milk,PeanutButter}, 
{Beer}, {Beer,Bread}, {Beer,Milk}}{Beer}, {Beer,Bread}, {Beer,Milk}}

S=10%
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P titi i Ad /Di dPartitioning Adv/Disadv

• Advantages:
– Adapts to available main memory

– Easily parallelizedEasily parallelized

– Maximum number of database scans is two.

• Disadvantages:
– May have many candidates during second scan– May have many candidates during second scan.
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P ll li i AR Al ithParallelizing AR Algorithms

• Based on Apriori
• Techniques differ:• Techniques differ:

– What is counted at each site
H d t (t ti ) di t ib t d– How data (transactions) are distributed

• Data Parallelism
– Data partitioned
– Count Distribution Algorithm

• Task Parallelism
– Data and candidates partitionedData and candidates partitioned
– Data Distribution Algorithm
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Count Distribution Algorithm(CDA)Count Distribution Algorithm(CDA)
1. Place data partition at each site.
2. In Parallel at each site do
3. C1 = Itemsets of size one in I;
4 C C4. Count C1;
5. Broadcast counts to all sites;
6 D t i l b l l it t f i 1 L6. Determine global large itemsets of size 1, L1;
7. i = 1;    
8 Repeat8. Repeat
9. i = i + 1;
10 C = Apriori Gen(L );10. Ci = Apriori‐Gen(Li‐1);
11. Count Ci;
12 Broadcast counts to all sites;12. Broadcast counts to all sites;
13. Determine global large itemsets of size i, Li;
14 until no more large itemsets found;
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14. until no more large itemsets found;



CDA E lCDA  Example
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Data Distribution Algorithm(DDA)Data Distribution Algorithm(DDA)
1. Place data partition at each site.
2 In Parallel at each site do2. In Parallel at each site do
3. Determine local candidates of size 1 to count;
4. Broadcast local transactions to other sites;4. Broadcast local transactions to other sites;
5. Count local candidates of size 1 on all data;
6. Determine large itemsets of size 1 for local             

did tcandidates; 
7. Broadcast large itemsets to all sites;
8 Determine L ;8. Determine L1;
9. i = 1;    
10. Repeatp
11. i = i + 1;
12. Ci = Apriori‐Gen(Li‐1);
13 D i l l did f i i13. Determine local candidates of size i to count;
14. Count, broadcast, and find  Li;
15 until no more large itemsets found;
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15. until no more large itemsets found;



DDA E lDDA Example
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C i AR T h iComparing AR Techniques
T t• Target

• Type
• Data Type
• Data SourceData Source
• Technique
• Itemset Strategy and Data Structure
• Transaction Strategy and Data Structuregy
• Optimization
• Architecture• Architecture
• Parallelism Strategy
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Comparison of AR Techniq esComparison of AR Techniques
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I t l A i ti R lIncremental Association Rules
G t AR i d i d t b• Generate ARs in a dynamic database.

• Problem: algorithms assume staticProblem:  algorithms assume static 
database

• Objective: 
– Know large itemsets for D– Know large itemsets for D

– Find large itemsets for D ∪ {Δ D}

• Must be large in either D or Δ D
S L d• Save Li and counts 

157



N t ARNote on ARs

• Many applications outside market basket 
data analysisdata analysis
– Prediction (telecom switch failure)

– Web usage mining

• Many different types of association rules• Many different types of association rules
– Temporal

– Spatial

C l– Causal
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A i ti l E l tiAssociation rules: Evaluation

• Association rule algorithms tend to produce too 
many rulesmany rules 
– many of them are uninteresting or redundant

– Redundant if {A,B,C} → {D} and {A,B} → {D}   
have same support & confidence

• In the original formulation of association rules• In the original formulation of association rules, 
support & confidence are the only measures used

• Interestingness measures can be used to prune/rank g p /
the derived patterns



M i Q lit f R lMeasuring Quality of Rules

• Support

• Confidence

• Interest• Interest

• Conviction

• Chi Squared Test

160



Ad d AR T h iAdvanced AR Techniques
• Generalized Association Rules

• Multiple minimum supports

• Multiple‐Level Association Rules

• Quantitative Association RulesQuantitative Association Rules

• Using multiple minimum supports

C l ti R l• Correlation Rules

• Sequential patterns mining

• Graph mining

• Mining association rules in stream datag

• Fuzzy association rules

• Anomalous association rules
161

• Anomalous association rules



E t i H dli C ti Att ib tExtensions: Handling Continuous Attributes

• Different kinds of rules:
– Age∈[21,35) ∧ Salary∈[70k,120k) → Buy

– Salary∈[70k,120k) ∧ Buy→ Age: μ=28, σ=4Salary∈[70k,120k) ∧ Buy → Age: μ 28, σ 4

• Different methods:
Di ti ti b d– Discretization‐based

– Statistics‐based

– Non‐discretization based
• minApriori• minApriori



Extensions: Sequential pattern miningq p g

Sequence Sequence Element Event
Database (Transaction) (Item)

Customer Purchase history of a given 
customer

A set of items bought by 
a customer at time t

Books, diary products, 
CDs etccustomer a customer at time t CDs, etc

Web Data Browsing activity of a 
particular Web visitor

A collection of files 
viewed by a Web visitor 

Home page, index 
page, contact info, etc

after a single mouse click
Event data History of events generated 

by a given sensor
Events triggered by a 
sensor at time t

Types of alarms 
generated by sensors y g g y

Genome 
sequences

DNA sequence of a 
particular species

An element of the DNA 
sequence 

Bases A,T,G,C

Element 
(T ti ) Event 

Sequence

E1
E2

E1
E3 E2 E3

E4E2
(Transaction) e

(Item)

Sequence



Extensions: Sequential pattern miningq p g

Sequence Database:

Object Timestamp Events
A 10 2, 3, 5

Sequence Database:

, ,
A 20 6, 1
A 23 1
B 11 4, 5, 6
B 17 2
B 21 7, 8, 1, 2
B 28 1, 6
C 14 1 8C 14 1, 7, 8



Extensions: Sequential pattern miningq p g

• A sequence <a1 a2… an> is contained in another sequence <b1q 1  2  n q 1 
b2 … bm> (m ≥ n) if there exist integers 
i1 < i2 < … < in such that a1 ⊆ bi1 , a2 ⊆ bi1, …, an ⊆ bin

Data sequence Subsequence Contain?

< {2,4} {3,5,6} {8} > < {2} {3,5} > Yes

< {1 2} {3 4} > < {1} {2} > No< {1,2} {3,4} > < {1} {2} > No

< {2,4} {2,4} {2,5} > < {2} {4} > Yes

• The support of a subsequence w is defined as the fraction of 
data sequences that contain wq

• A sequential pattern is a frequent subsequence (i.e., a 
subsequence whose support is ≥ minsup)q pp p)
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Extensions: Graph miningp g

• Extend association rule mining to finding g g
frequent subgraphs

• Useful for Web Mining, computational 
chemistry, bioinformatics, spatial data sets, etcchemistry, bioinformatics, spatial data sets, etc

Homepage

Research

DatabasesArtificial Databases
Intelligence

D t Mi iData Mining



Data Mining - From the Top 10 Algorithms to the 
N Ch ll

O tli

New Challenges

Outline
Top 10 Algorithms in Data Mining Research 

Introduction
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Bagging and Boosting
Clustering
Association Analysis
Link Mining – Text Mining
Top 10 Algorithms

10 Challenging Problems in Data Mining Research
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

i i iLink Mining

169



Li k Mi iLink Mining
• Traditional machine learning and data mining• Traditional machine learning and data mining 
approaches assume:

A d l f h bj t f– A random sample of homogeneous objects from 
single relation

R l ld d t t• Real world data sets:
– Multi‐relational, heterogeneous and semi‐structured 

• Link Mining
– newly emerging research area at the intersection of 
research in social network and  link analysis, 
hypertext and web mining, relational learning and 
i d ti l i i d h i iinductive logic programming and graph mining.



Li k d D tLinked Data

• Heterogeneous, multi‐relational data 
represented as a graph or networkrepresented as a graph or network
– Nodes are objects

• May have different kinds of objects
• Objects have attributes
• Objects may have labels or classes

– Edges are linksEdges are links
• May have different kinds of links
• Links may have attributesLinks may have attributes
• Links may be directed, are not required to be binary



S l D iSample Domains

• web data (web)( )

• bibliographic data (cite)

• epidimiological data (epi)



Example: Linked Bibliographic DataExample: Linked Bibliographic Data

P1P1P1

P2

P3

I1
P2

P3

I1
P2

P3

1

Objects:

1

A1

Objects:

PapersPapers
A1

Links:P4Authors

Institutions
P4Authors

Institutions

Links:
CitationCitation

P4

InstitutionsInstitutions
Co-Citation
Author-of
Co-Citation
Author-ofAttributes:
Author-affiliationAuthor-affiliationCategories



Li k Mi i T kLink Mining Tasks

• Link‐based Object Classification

• Link Type Prediction

P di ti Li k E i t• Predicting Link Existence

• Link Cardinality EstimationLink Cardinality Estimation

• Object Identification

• Subgraph Discovery



Web Mining OutlineWeb Mining Outline
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W b D tWeb Data

• Web pages

• Intra‐page structures

• Inter page structures• Inter‐page structures

• Usage datag

• Supplemental data
– Profiles

– Registration informationRegistration information

– Cookies
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W b C t t Mi iWeb Content Mining

• Extends work of basic search engines
S h E i• Search Engines
– IR applicationpp
– Keyword based
Similarity between query and document– Similarity between query and document

– Crawlers
– Indexing
– ProfilesProfiles
– Link analysis
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W b St t Mi iWeb Structure Mining

• Mine structure (links, graph) of the Web

• Techniques
– PageRank– PageRank

– CLEVER

• Create a model of the Web organization.

M b bi d ith t t i i t• May be combined with content mining to 
more effectively retrieve important pages.y p p g
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P R kPageRank (Larry Page and Sergey Brin)

U d b G l• Used by Google
• Prioritize pages returned from search by looking 
at Web structure.

• Importance of page is calculated based on p p g
number of pages which point to it – Backlinks.

• Weighting is used to provide more importance toWeighting is used to provide more importance to 
backlinks coming form important pages.
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P R k ( t’d)PageRank (cont’d)

• PR(p) = c (PR(1)/N1 + … + PR(n)/Nn)
– PR(i): PageRank for a page i which points to target 
page p.

– Ni:  number of links coming out of page i
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P R k ( t’d)
G l P i i l

PageRank (cont’d)
General Principle

A B C D

• Every page has some number of Outbounds links (forward 
links) and  Inbounds links (backlinks).

• A page X has a high rank if:
I  h   I b d  li k- It has many Inbounds links

- It has highly ranked Inbounds links
P  li ki  t  h  f  O tb d li k
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- Page linking to has few Outbounds links.



HITSHITS
• Hyperlink Induces Topic Search• Hyperlink‐Induces Topic Search

• Based on a set of keywords, find set of relevant 
pages – R.

• Identify hub and authority pages for theseIdentify hub and authority pages for these.
– Expand R to a base set, B, of pages linked to or from R.

f– Calculate weights for authorities and hubs.

• Pages with highest ranks in R are returned.g g
• Authoritative Pages :

– Highly important pages.

– Best source for requested information.

• Hub Pages :
Contain links to highly important pages
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– Contain links to highly important pages.



HITS AlgorithmHITS Algorithm
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W b U Mi iWeb Usage Mining

• Extends work of basic search engines
S h E i• Search Engines
– IR applicationpp
– Keyword based
Similarity between query and document– Similarity between query and document

– Crawlers
– Indexing
– ProfilesProfiles
– Link analysis
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Web Usa e Minin ApplicationsWeb Usage Mining Applications

• Personalization

• Improve structure of a site’s Web pages

• Aid in caching and prediction of future page• Aid in caching and prediction of future page 
references

• Improve design of individual pages

• Improve effectiveness of e‐commerce (sales 
and advertising)and advertising)
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Web Usage Mining ActivitiesWeb Usage Mining Activities
• Preprocessing Web logPreprocessing Web log

– Cleanse 
– Remove extraneous information– Remove extraneous information
– Sessionize

Session: Sequence of pages referenced by one user at a sittingSession: Sequence of pages referenced by one user at a sitting.

• Pattern Discovery
C t tt th t i i– Count patterns that occur in sessions

– Pattern is sequence of pages references in session.
l l– Similar to association rules

• Transaction: session
It t tt ( b t)• Itemset: pattern (or subset)

• Order is important

• Pattern Analysis
© Prentice Hall 186
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

Integrated Mining

Rougth SetsRougth Sets



I t t d Mi iIntegrated Mining

• On the use of association rule algorithms for 
l ifi ti CBAclassification: CBA

• Subgroup Discovery: Caracterization of classes

“Gi l i f i di id l d f“Given a population of individuals and a property of
those individuals we are interested in, find population

b th t t ti ti ll ‘ t i t ti ’subgroups that are statistically ‘most interesting’, e.g.,
are as large as possible and have the most unusual
statistical charasteristics with respect to the property ofstatistical charasteristics with respect to the property of
interest”.
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R h S t A hRough Set Approach

• Rough sets are used to approximately or “roughly” define 
equivalent classes 

• A rough set for a given class C is approximated by two sets: a 
lower approximation (certain to be in C) and an upper 
approximation (cannot be described as not belonging to C) 

• Finding the minimal subsets (reducts) of attributes (for 
)feature reduction) is NP‐hard but a discernibility matrix is 

used to reduce the computation intensity 
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”
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“Top 10 Algorithms in Data Mining”
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”
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ICDM’06 Panel on 
“Top 10 Algorithms in Data Mining”

• A survey paper has been generated

Xindong Wu, Vipin Kumar, J. Ross Quinlan, Joydeep Ghosh, Qiang g , p , , y p , g
Yang, Hiroshi Motoda, Geoffrey J. McLachlan, Angus Ng, Bing Liu, 
Philip S. Yu, Zhi-Hua Zhou, Michael Steinbach, David J. Hand, Dan 
SteinbergSteinberg. 
Top 10 algorithms in data mining.
Knowledge Information Systems (2008) 14:1 37Knowledge Information Systems (2008) 14:1–37. 
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New Challenges

Outline
Top 10 Algorithms in Data Mining Research 

Introduction
Classification
Statistical Learning
Bagging and Boosting
Clustering
Association Analysis
Link Mining – Text Mining
Top 10 Algorithms

10 Challenging Problems in Data Mining Research
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