Data Mining

Lecture 5: Classification
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Examples of Classification Task

Predicting tumor cells as benign or malignant

Classifying credit card transactions
as legitimate or fraudulent

Classifying secondary structures of protein
as alpha-helix, beta-sheet, or random
coil

Categorizing news stories as finance,
weather, entertainment, sports, etc



Classification
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lllustrating Classification Task

Tid  Attribl Attrib2 Attrib3  Class Lea rn |ng

1 Yes Large 125K No algorithm

2 No Medium 100K No

3 No Small 70K No

4 Yes Medium 120K No |ndUCti0n l

5 No Large 95K Yes

6 |No Medium | 60K No \

7 Yes Large 220K No Learn

8 No Small 85K Yes Mod el

9 No Medium 75K No

10 No Small 90K Yes

Training Set /

Apply

Tid Attribl  Attrib2  Attrib3  Class Model

11 No Small 55K ?

12 Yes Medium 80K ?

13 | Yes Large 110K ? Deduction

14 No Small 95K ?

15 No Large 67K ?

Test Set



Supervised vs. Unsupervised Learning

e Supervised learning (classification)

— Supervision: The training data (observations,
measurements, etc.) are accompanied by labels indicating
the class of the observations

— New data is classified based on the training set

e Unsupervised learning (clustering)

— The class labels of training data is unknown

— Given a set of measurements, observations, etc. with the
aim of establishing the existence of classes or clusters in
the data



Training Dataset

Outlook Tempreature Humidity Windy Class

sunny  hot high false N
sunny  hot high true N
overcast hot high false P
rain mild high false P
rain cool normal false P
rain cool normal true N
overcast cool normal true P
sunny  mild high false N
sunny  cool normal false P
rain mild normal false P
sunny  mild normal true P
overcast mild high true P
overcast hot normal false P
rain mild high true N




Output: A Decision Tree for
“Play tennis or not”

<4—— RoOOt
/ N
sunny | overcast rain <«—— Node
/ AN
humidity . windy
| N\ /N
high normal true false

| | |
Leaf —> N N .



Another Example

e Rule-based Classifier:

IT tear production rate = reduced then recommendation = nme.

IT age = yaung and astigmatic = no and tear production rate = normal
then recommendation = soft

IT age = pre-presbyopic and astigmatic = no aad tear production
rate = normal then recommendation = soft

IT age = presbyopic and spectacle prescription = myope and
astigmatic = no then recommendation = nae

IT spectacle prescription = hypermetrope and astigmatic = no and
tear production rate = normal then recommendation = soft

IT spectacle prescription = myope and astigmatic = yes and
tear production rate = normal then recommendation = hard

IT age = yaung and astigmatic = yes and tear production rate =

normal

then recommendation = hard

IT age = pre-presbyopic and spectacle prescription = hypermetrope
and astigmatic = yes then recommendation = nme

IT age = presbyopic and spectacle prescription = hypermetrope
and astigmatic = yes then recommendation = nme

Rules are mutually exclusive and exhaustive before pruning.



From Decision Trees To Rules

Classification Rules
Refund (Refund=Yes) ==> No
Yiy NIAO (Refund=No, Marital Status={Single,Divorced},
— Taxable Income<80K) ==> No
NO Marital
Sinale Status (Refund=No, Marital Status={Single,Divorced},
{_ g, {Married} Taxable Income>80K) ==> Yes
D|vorced‘]/ \
(Refund=No, Marital Status={Married}) ==> No
Taxable NO
Income
< 80}:/ \> 80K
NO YES

Rules are mutually exclusive and exhaustive

Rule set contains as much information as the
tree



Rules Can Be Simplified

Tid Refund Marital Taxable

Status Income Cheat

Refund
YE% NLO 1 |Yes Single |125K No
2 |No Married |100K No
ie Marital 3 |No Single 70K N
0
{Single, Status | g
Divorced} {Married} 4 |Yes Married |120K  |No
5 |No Divorced | 95K Yes
Taxable
Income 6 [No Married |60K No
< Solf/ \: 80K 7 |Yes |Divorced |220Kk  |No
8 |No Single 85K Yes
NO YES
9 |No Married |75K No
10 |No Single 90K Yes
Initial Rule: (Refund=No) A (Status=Married) - No

Simplified Rule: (Status=Married) - No



How to Specify Test Condition?

 Depends on attribute types

— Nominal
— Ordinal
— Continuous

e Depends on number of ways to split
— 2-way split
— Multi-way split



Splitting Based on Nominal Attributes

* Multi-way split: Use as many partitions as
distinct values.

Family ﬂ Luxury
Sports

* Binary split: Divides values into two subsets.
Need to find optimal partitioning.

{Sports, F | OR {Family, @
Luxury} {Family} Luxury} {Sports}



Splitting Based on Ordinal Attributes
 Multi-way split: Use as many partitions as
distinct values.

Small ﬁ Large
Mediu

e Binary split: Divides values into two subsets.
Need to find optimal partitioning.

{Small, @ OR {Medium, @
Medium} {Large} Large} {Small}
e What about this split? isman @ |
Large} {Medium}



Splitting Based on Continuous Attributes

e Different ways of handling

— Discretization to form an ordinal categorical
attribute
e Static — discretize once at the beginning

e Dynamic — ranges can be found by equal interval
bucketing, equal frequency bucketing
(percentiles), or clustering.

— Binary Decision: (A< v) or (A >v)
e consider all possible splits and finds the best cut
e can be more compute intensive



Splitting Based on Continuous
Attributes

Taxable
Income?

Taxable
Income
> 80K?

[10K,25K) [25K,50K) [50K,80K)

(i) Binary split (i) Multi-way split



Algorithm for Decision Tree
Induction

Basic algorithm (a greedy algorithm)
— Tree is constructed in a top-down recursive divide-and-conquer 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
— Test attributes are selected on the basis of a heuristic or statistical
measure (e.g., information gain)

Conditions for stopping partitioning

— All samples for a given node belong to the same class

— There are no remaining attributes for further partitioning — majority
voting is employed for classifying the leaf

— There are no samples left



Example: Good & Poor Splits

Good Split



Tests for Choosing Best Split

e Purity (Diversity) Measures:
— Gini (population diversity)
— Entropy (information gain)
— Information Gain Ratio

— Chi-square Test



Attribute Selection
Measure

e |nformation gain (ID3/C4.5)

— All attributes are assumed to be categorical
— Can be modified for continuous-valued attributes

e Gini index (IBM IntelligentMiner)

— 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 the possible
split values

— Can be modified for categorical attributes



Information Gain (ID3/C4.5)

e Select the attribute with the highest information gain

e Assume there are two classes, P and N

— Let the set of examples S contain p elements of class P and n
elements of class N

— The amount of information, needed to decide if an arbitrary
example in S belongs to P or N is defined as

P log, po__ N log, n

P+n p+n p+n P+n

I(p’n):_



Gini Index (IBM Intelligent Miner)

o BA M@ IS S FEIES > BTRAS  Giniffl
A *
& Gini(t) =1~ Y [p(j [

p(] | t) is the relative frequency of class j at node t).

Gini(Root Node) = 1- (0.52 + 0.52) = 0.5

Gini, (Leaf node) =1 - (0.12+ 0.9%2) = 0.18
Gini, (Leaf node) =1 —(0.12+ 0.9%) = 0.18

Gini, (Leaf node) = 10/20*0.18 + 10/20*0.18 = 0.18



Information Gain in Decision
Tree Induction

e Assume that using attribute A a set S will be
partitioned into sets {S,, S,, ..., S}

— If §; contains p; examples of P and n; examples of N, the
entropy, or the expected information needed to classify
objects in all subtrees S; is

E(A) = zp' '|<p.,n>

e The encoding information that would be gained by
branching on A Gain(A) =1(p,n)—E(A)



Attribute Selection by Information
Gain Computation

B Class P: buys_computer = E (age ) = I (2,3) + A (4,0)

“yes,, 5
B Class N: buys_computer = + 1, 1(8,2)=0.69

((n011

B (p, n)=1(9, 5) =0.940 Hence
Gain(age) = 1 (p,n)— E(age)

=0.94-0.69=0.25

B Compute the entropy for
age:

Similarly

age | pi_L_Nn_I(p; N Gain(income) = 0.029
Gain(student) =0.151
Gain(credit _rating) =0.048




Avoid Overfitting in Classification

e The generated tree may overfit the training data

— Too many branches, some may reflect anomalies due to
noise or outliers

— Result is in poor accuracy for unseen samples

e 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 threshold

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



e DEMO 1

— http://www.cs.ualberta.ca/~aixplore/learning/De
cisionTrees/InterArticle/2-DecisionTree.html|

e Demo 2
— SAS Enterprise Miner
— Ex. ID Potential Customers


http://www.cs.ualberta.ca/~aixplore/learning/DecisionTrees/InterArticle/2-DecisionTree.html
http://www.cs.ualberta.ca/~aixplore/learning/DecisionTrees/InterArticle/2-DecisionTree.html
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Decision Tree Advantages

Easy to understand

Map nicely to a set of business rules
Applied to real problems

Make no prior assumptions about the data

Able to process both numerical and

categorical data



Decision Tree Disadvantages

Output attribute must be categorical
Limited to one output attribute
Decision tree algorithms are unstable

Trees created from numeric datasets can be

complex



Bayesian Theorem

o {BRE% GG G-CRIRAZEME(sample space) S BN E|, BE—E

HA BIEREREFL:

il

— fEpLEE Bl (Law of Total Probability ) P(A) — Z P(Ci )P(A‘Ci)

- BEKFEH(Bayes Rule)
P(c, Jp(Alc))

> P(C)P(AlC))

P(c,|A)=

e P(C) :ZEBHIHEER( Prior Probability)
o P(AC,): ¥ A= ( Sample Probability)
* p(c,|a): FRIEIE( Posterior Probability)

J

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



Bayesian classification

The classification problem may be formalized
using a-posteriori probabilities:

P(C|X) = prob. that the sample tuple
X=<xy,...,x,> is of class C.

E.g. P(class=N | outlook=sunny,windy=true,...)

ldea: assign to sample X the class label C such
that P(C|X) is maximal



Estimating a-posteriori
probabilities

Bayes theorem:
P(C|X) = P(X|C)-P(C) / P(X)

P(X) is constant for all classes

P(C) = relative freq of class C samples

C such that P(C| X) is maximum =
C such that P(X]|C)-P(C) is maximum

Problem: computing P(X|C) is unfeasible!



Bayesian Classifiers

e Consider each attribute and class label as
random variables

e Given a record with attributes (A, A,,...,A.)
— Goal is to predict class C

— Specifically, we want to find the value of C that
maximizes P(C| A, A,,...,A,)

e Can we estimate P(C| A, A,,...,A ) directly from
data?



Bayesian Classifiers

e Approach:

— compute the posterior probability P(C | A, A,, ..., A,) for all
values of C using the Bayes theorem

— Choose value of C that maximizes
P(C|ALA, ...,A)

— Equivalent to choosing value of C that maximizes
P(A, A, ..., A |C) P(C)

 How to estimate P(A;, A,, ..., A, | C)?



Nalve Bayes Classifier

* Assume independence among attributes A, when
class is given:
— P(A, A, ..., A, |C)=P(A,| C) P(A,]| C)... P(A,] C)

— Can estimate P(A, | Cj) for all A, and C;.

— New point is classified to C; if P(C) ITP(A;| C;) is maximal.



Play-tennis example: estimating P(x;| C)

Outlook Temperature Humidity Windy Class

sunny hot high false N

sunny  hot high true N - -

overcast hot high false P P(sunnyl p) 2/9 P(sunnyl n) 3/5

rain mild high false P

rain cool n(ﬂmal false 5 P(overcast|p) = 4/9 P(overcast|n)=0

rain cool normal true N P(rain|p) = 3/9 P(rain|n) = 2/5

overcast cool normal true P

sunny  mild high false N

sunny  cool normal false P

rain mild normal false P _ _

sunny  mild normal true P P(hot|p) = 2/9 P(hot|n) = 2/5

overcast mild high true P P(mild|p) = 4/9 P(mild|n) = 2/5

overcast hot normal false P

rain mild high true N P(cool|p) =3/9 P(cool|n)=1/5

P(high|p) = 3/9 P(high|n) = 4/5

P(p) - 9/14 P(normal|p) =6/9 P(normal|n)=2/5
P(n) =5/14

P(true|p) =3/9

P(true|n)=3/5

P(false|p) =6/9

P(false|n) = 2/5




Play-tennis example: classifying X

e An unseen sample X = <rain, hot, high, false>

* P(X|p)-P(p) =
P(rain|p)-P(hot|p)-P(high|p)-P(false|p)-P(p)
=3/9-2/9-3/9-6/9-9/14 = 0.010582

e P(X|n)-P(n) =
P(rain|n)-P(hot|n)-P(high|n)-P(false|n)-P(n)
=2/5-2/5-4/5-2/5-5/14 = 0.018286

+ Sample X is classified in class n (don't play)



Example of Nalve Bayes Classifier

Given a Test Record:

X = (Refund = No, Married, Income =120K)

naive Bayes Classifier:

P(Refund=Yes|No) = 3/7
P(Refund=No|No) = 4/7
P(Refund=Yes|Yes) =0
P(Refund=No|Yes) = 1

P(Marital Status=Single|No) = 2/7
P(Marital Status=Divorced|No)=1/7
P(Marital Status=Married|No) = 4/7
P(Marital Status=Single|Yes) = 2/7
P(Marital Status=Divorced|Yes)=1/7
P(Marital Status=Married|Yes) =0

For taxable income:

If class=No: sample mean=110
sample variance=2975

If class=Yes: sample mean=90
sample variance=25

e P(X|Class=No) = P(Refund=No|Class=No)
x P(Married| Class=No)
x P(Income=120K]| Class=No)
= 4/7 x 4/7 x 0.0072 = 0.0024

e P(X|Class=Yes) = P(Refund=No| Class=Yes)
x P(Married| Class=Yes)
x P(Income=120K]| Class=Yes)
=1x0x1.2x10°=0

Since P(X|No)P(No) > P(X|Yes)P(Yes)
Therefore P(No|X) > P(Yes|X)
=> Class = No



Example of Nalve Bayes Classifier

Name Give Birth Can Fly |Livein Water| Have Legs Class
human yes no no yes mammals
python no no no no non-mammals
salmon no no yes no non-mammals
whale yes no yes no mammals
frog no no sometimes |yes non-mammals
komodo no no no yes non-mammals
bat yes yes no yes mammals
pigeon no yes no yes non-mammals
cat yes no no yes mammals
leopard shark |yes no yes no non-mammals
turtle no no sometimes |yes non-mammals
penguin no no sometimes |yes non-mammals
porcupine yes no no yes mammals
eel no no yes no non-mammals
salamander |no no sometimes |yes non-mammals
gila monster [no no no yes non-mammals
platypus no no no yes mammals
owl no yes no yes non-mammals
dolphin yes no yes no mammals
eagle no yes no yes non-mammals

Give Birth Can Fly [Livein Water| Have Legs Class

yes no yes no

A: attributes
M: mammals

N: non-mammals

P(AIM)=°x0%242 006
7777777
P(A|N):1><10><3><4:O.0042
13713713713
P(A|M)P(M):O.O6><27O:O.021

P(A|N)P(N) = 0.004><;':; ~0.0027

P(A|IM)P(M) > P(AIN)P(N)

=> Mammals



Nalve Bayes (Summary)
Robust to isolated noise points

Handle missing values by ignorin? the instance
during probability estimate calculations

Robust to irrelevant attributes

Independence assumption may not hold for
some attributes

— Use other techniques such as Bayesian Belief
Networks (BBN)



Neural Networks

e Advantages
— prediction accuracy is generally high
— robust, works when training examples contain errors

— output may be discrete, real-valued, or a vector of
several discrete or real-valued attributes

— fast evaluation of the learned target function
e Criticism
— long training time
— difficult to understand the learned function (weights)
— not easy to incorporate domain knowledge



Artificial Neural Networks (ANN)

Xi [ Xo | Xs | Y Input Black box
10| 0]oO
X,
10|11 1
1 1| 0 1 Output
11|11
o|lo|1]o0 Koo Y
o|1]0]o0
o111 Xl
0o olo]o 3

Output Y is 1 if at least two of the three inputs are equal to 1.



Artificial Neural Networks (ANN)

Input

\::.\ s
X, | %o | X5 | ¥ | MO98S X Black box
1 0 0 0 X T, A - Output
1 o] 1| 1 17 0.3 node
1 1| 0 | 1 Ly
1 1 1 1 X
ol ol 1|0 2 _'\'Q - Y
0] 1 0 0 “
0 1 1 1 X, 1 p _

Y =1(0.3X,+0.3X,+0.3X,-0.4>0)

where 1(z) = {

1 1f zis true
0 otherwise



Artificial Neural Networks (ANN)

Input

\::.\ ,
. nodes %+ Black box
e Model is an assembly of Output
inter-connected nodes and 1" node
weighted links .Y

e Qutput node sums up each
of its input value according
to the weights of its links

Perceptron Model

Y =10 wX;—t) or

Y =sign(ZwiXi —1)

e Compare output node
against some threshold t



Input
Layer

Hidden
Layer

Output
Layer

General Structure of ANN

diddd
7

¢ o o

<«

u threshold, t

Neuron j Output

Activation
function

g(S.)

Training ANN means learning
the weights of the neurons



Nearest Neighbor Classifiers

e Basicidea:

— If it walks like a duck, quacks like a duck, then it's
probably a duck

e ————
- -

-~
-

Compute

% “._ Distance Test
gt . Record

—_—
> .~ Choose k of the
Records — .~ “nearest” records

Training \

~~_ _ -



Discussion on the k-NN Algorithm

The k-NN algorithm for continuous-valued target
functions

— Calculate the mean values of the k nearest neighbors

Distance-weighted nearest neighbor algorithm

— Weight the contribution of each of the k neighbors according

to their distance to the query point x,, w=__ 1
d(xg, %)

e giving greater weight to closer neighbors
Robust to noisy data by averaging k-nearest neighbors

Curse of dimensionality: distance between neighbors
could be dominated by irrelevant attributes.

— To overcome it, elimination of the least relevant attributes.



Nearest-Neighbor Classifiers

Unknown record

|
; ! _I_"', o
! ¢ K=3
| Iy

Requires three things

The set of stored records

Distance Metric to compute
distance between records

The value of k, the number of
nearest neighbors to retrieve

To classify an unknown record:

Compute distance to other
training records

|ldentify k nearest neighbors

Use class labels of nearest
neighbors to determine the
class label of unknown record
(e.g., by taking majority vote)



Definition of Nearest Neighbor
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(a) 1-nearest neighbor

(b) 2-nearest neighbor

(c) 3-nearest neighbor

K-nearest neighbors of a record x are data points
that have the k smallest distance to x




Nearest Neighbor Classification

e Compute distance between two points:

— Euclidean distance

d(p,a)=x(p,-q)

 Determine the class from nearest neighbor list

— take the majority vote of class labels among the k-nearest
neighbors

— Weigh the vote according to distance
e weight factor, w=1/d?



Nearest Neighbor Classification

 Choosing the value of k:

— If k is too small, sensitive to noise points

— If kis too large, neighborhood may include points from
other classes

PX
o®
@

"




What Is Prediction?

e Prediction is similar to classification
— First, construct a model
— Second, use model to predict unknown value
e Major method for prediction is regression
— Linear and multiple regression
— Non-linear regression

— Logit/probit model

e Prediction is different from classification

— Classification refers to predict categorical class label

— Prediction models continuous-valued functions



Predictive Modeling in Databases

e Predictive modeling: Predict data values or
construct generalized linear models based on

the database data.
e Determine the major factors which influence
the prediction
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Regress Analysis and Log-Linear
Models in Prediction

e Linear regression:Y=o+ 3 X

— Two parameters, o and [3 specify the line and are to be
estimated by using the data at hand.

— using the least squares criterion to the known values of Y1,
Y2, ..., X1, X2, ....

e Multiple regression: Y =b0 + b1 X1 + b2 X2.

— Many nonlinear functions can be transformed into the
above.

e Log-linear models:

— The multi-way table of joint probabilities is approximated
by a product of lower-order tables.

— Probability: p(a, b, ¢, d) = ctab ,Bac;(ad Obcd




Linear Regression
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Logit Model

e Logit Model BJ%F 4
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Logit/Probit Model

o —{ERGEAIER{H (dep. var. is binary output)
- ENEBER R GRS KK RIERREFR,
BE PX) RINEESHBZEMKE, EZREFRX
VE2E, B x H P(X) BEARIRRE

o f (¥

“14e'0

P(X) 0<P(x)<1

b e AEE. T(X)=8+BX + L%+t B,

Odds ratio = p/(1-p) = ef® | logit = In(p/(1-p))=f(x)

11
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Classification Accuracy: Estimating Error Rates

e Partition: Training-and-testing

— use two independent data sets, e.g., training set (2/3), test
set(1/3)

— used for data set with large number of samples
e Cross-validation
— divide the data set into k subsamples

— use k-1 subsamples as training data and one sub-sample as
test data --- k-fold cross-validation

— for data set with moderate size
e Bootstrapping (leave-one-out)

— for small size data



Ensemble Methods

e Construct a set of classifiers from the training
data

e Predict class label of previously unseen

records by aggregating predictions made by
multiple classifiers



General Idea
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Why does it work?

e Suppose there are 25 base classifiers
— Each classifier has error rate, € =0.35
— Assume classifiers are independent

— Probability that the ensemble classifier makes a
wrong prediction:

i (2_5j5i (1-£)*" =0.06

i—13\ |



Summary

Classification is an extensively studied [kdnugget.com] problem

(mainly in statistics, machine learning & neural networks)

Classification is probably one of the most widely used data

mining techniques with a lot of extensions

Scalability is still an important issue for database applications:
thus combining classification with database techniques should
be a promising topic

Research directions: classification of non-relational data, e.g.,

text, spatial, multimedia, etc..
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