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Why Data Preprocessing?

Real data are notoriously dirty!
= The biggest challenge in many data mining projects

Incomplete
= QOccupancy =

(131

Noisy
= Salary = “-100”

Inconsistent
= Age = “42” vs. Birthday = “01/09/1985”

Redundant
= Too much data or too many features for analytical analysis

Others
= Data types
= |mbalanced datasets




Missing Data

% Data are not always available.
= One or more attributes of a sample may have empty values.
= Many data mining algorithms cannot handle missing values directly.
= May cause significant troubles.

% Possible Reasons
= Equipment malfunction
= Data not provided
= Not Applicable (N/A)

% Different Types
= Missing completely at random
= Missing conditionally at random
= Not missing at random
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How to handle missing data?

% Ignore
Remove samples/attributes with missing values

= The easiest and most straightforward way
=  Work well with low missing rates

< Fill in the missing values manually
= Recollect the data
= Domain knowledge

= Tedious/Infeasible

< Fill in the missing values automatically
= A global constant
= The mean or median

= Most probable values

% More art than science




! Missing Data: An Example

\ P(Y|X)
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Outliers

Outliers
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! Outliers

Outliers




Anomaly vs. Outlier

Ever feel like you're in the wrong place?
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! Local Outlier Factor

distance; (0) R S
/

distance, (A4, B) = max{distance, (B),d(A,B)}

Ssen, ) distance;. (4, B)
rd(4) = 1 /( pew (A)ll\;:(jl?lcek )
» lrd(B) ; rd(B)
BEN(A) eng(a) I
T LORM) =t = S T ra (4
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Local Outlier Factor
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Duplicate Data

Customer (source 1)

CID | Name Street City Sex n
11 Kristen Smith 2 Hurley P1 | South Fork, MN 48503 0
24 Christian Smith | Hurley St 2 | S Fork MN 1
Client (source 2)
Cno | LastName FirstName Gender | Address Phone/Fax
24 Smith Christoph M 23 Harley St. Chicago 333-222-6542/ —
IL. 60633-2394 333-222-6599
493 Smith Kris L. F 2 Hurley Place, South 444-555-6666
Fork MN. 48503-5998
Customers (integrated target with cleaned data)
No | LName EFName Gender Street City State ZIP Phone Fax CID Cno
1 Smith Kristen L. |F 2 Hurley South MN 48503- | 444-555- 11 493
Place Fork 5998 6666
2 Smith Christian M 2 Hurley South MN 48503- 24
Place Fork 5998
3 Smith Christoph | M 23 Harley | Chicago |IL 60633- | 333-222- 333-222- 24
— Street 2394 6542 6599
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! Duplicate Data
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Duplicate Data

Create
_

First  Last Address Key

Sal Stolfo 123 First Street 45678987  STLSALI123FRST456
Sal Stolfo 123 First Street 45678986  STLSAL123FRST456
Sal Stolpho 123 First Street 45688987  STLSALI123FRST456
Sal Stiles 123 Forest Street 45654321  STLSALI123FRST456

Given two records, rl1l and r2.
IF the last name of rl equals the last name of r2,
AND the first names differ slightly,

AND the address of rl equals the address of r2

THEN

rl is equivalent to r2.
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Data Transformation

* Now we have an error free dataset.
» Still needs to be standardized.

» Type Conversion

<+ Normalization

» Sampling

Population




Attribute Types

% Continuous
= Real values: Temperature, Height, Weight ...

% Discrete
= |nteger values: Number of people ...

*» Ordinal
= Rankings: {Average, Good, Best}, {Low, Medium, High} ...

» Nominal
= Symbols: {Teacher, Worker, Salesman}, {Red, Green, Blue} ...

— | < String
= Text: “Tsinghua University”, “No. 123, Pingan Avenue” ...
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Type Conversion
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Type Conversion
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! Type Conversion

® —— o 0 0 1
®@ — o 0 1 0
® — o 1 0 0
B @ — 0 0 0
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Sampling

“ A database/data warehouse may store terabytes of data.
% Processing limits: CPU, Memory, I/0 ...

% Sampling is applied to reduce the time complexity.

% In statistics, sampling is applied often because obtaining the
entire set of data is expensive.

% Aggregation
= Change of scale:
» Cities > States; Days - Months
= More stable and less variability

% Sampling can be also used to adjust the class distributions.
= Imbalanced dataset

! 2




! Imbalanced Datasets
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! Imbalanced Datasets

G — mean = (Acct X Acc™)1/?

TP
TP+ FN’

where Acc™

Acc™

TN

~ TN + FP

2 X Precision X Recall

F — measure =

Precision + Recall

B h Procision — TP
where Precision = TP+ FP’

Recall =

25

TP+ FN

= Acc?t




Over-Sampling
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Boundary Sampling
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Normalization

% The height of someone can be 1.7 or 170 or 1700 ...

“» Min-max normalization:

L)

, vV —min , ,
v = — (new_max — new_min) + new_min
max — min

= Let income range $12,000 to $98,000 be normalized to [0.0, 1.0].
Then $73,600 is mapped to

73,600—-12,000
98,000-12,000

(1.0-0)+0=0.716

% Z-score normalization (J: mean, o: standard deviation):

73,600 —54,000 _ 1225

= Letpy =254,000, 0=16,000. Then 16,000 —

. M
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Data Description

P(Xﬁm)=P(XZm)=jmf(x)dx=%

Mean
= Arithmetic mean
n
_ 1 1
x—E;xi —n(x1+ + x;,)
Median
Mode

= The most frequently occurring value in a list
= Can be used with non-numerical data.

Variance
= Degree of diversity

Var(X) = E[(X — w)?]

o
¥

Probability

Median

Mode

Mean

150% Confidence Interval ™

Var(x) = j (x — W2 f (X)dx

3.8 5.0




! Data Description

Pearson’s product moment correlation coefficient

*

*
*%

> (A-AXB-B) Y (AB)-nAB

(n—1)c.0s (n—1)c.0s

Fy

< Ifry, g > 0, A and B are positively correlated.
# If ry, g = 0, no linear correlation between A and B.

— |  Ifry, g <0, Aand B are negatively correlated.
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! Data Description

< Pearson's chi-square (x?2) test

Observed — Expected)’
Zz _ Z ( P )

Expected
Play chess ' Not play chess
Like science fiction 250 (90) ' 200 (360)
Not like science fiction 50 (210) ' 1000 (840)
Sum (col.) 300 ' 1200

, _(250-90)°  (50-210)" (200-360)" (1000 -840)’

' Sum (row)
[ 450
' 1050
l 1500

=507.93

g 90 210 360

32
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Data Visualization (1D)
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Data Visualization (2D)

Acceleration
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Surf Plots (3D)
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! Box Plots (High Dimensional)
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Parallel Coordinates (High Dimensional)
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Feature Selection

ID Weight
Age
Gender Noisy?
Height Irrelevant?
Education
Duplicate?
Income
Address Complexity?
Occupation Location
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Class Distributions

05
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025
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015
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0.05
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Feature X
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Class Distributions

1.2

I
B Female T Vale

0.8

Probability
o
»

0.4

0.2

Total Non-Smoker (60%)
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Entropy

HX) =— Z p(x;)logy p(x;)
i=1

H(S) = -0.5-10g,0.5-0.5-10g, 0.5 = 1.0

X:{a = "Non—Smoker"; b = "Smoker" } T e

HS | X =a) =-0.8-10g,0.8—-0.2-10g, 0.2 = 0.7219
H(S | X = b) = -0.05 - 1log, 0. 05— 0.95 - log, 0.95 = 0. 2864
HS | X)=0.6-HS | X =a+0.4-HS | X =5h) =0.5477

Gain (S, X) = H(S) — H(S | X) = 0. 4523 Information Gain

44
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Feature Subset Search

< Exhaustive
= All possible combinations
. 10! s 20!

Co=———=120 Cy =———=15504
(10-3)13! (20-5)!
< Branch and Bound
A, (1,2,3,4,5)
1 2 3
(2.3.4.5) O (1,3, Q(1.2,4,5)
Lo
2 3 4 v : 4
(3.4.5) O (24.5) Q) (23,500 (1.4,5) C)SE.S) O Q(1.2,5)
— 3/ 4] \s5 4 5 5 4 5 5

) @ @ O
(1.5)  (1.4) (1.3) (1.2)

(U O 9 U o @
(4,53) (3,5) (3.4) (2.5) (2.4)

§,o285,>28, = JS)>J(S,)>J(S,)
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Feature Subset Search

» Top K Individual Features

JX) ={J ), Jx ), Jxy) > Jx,) > .00 > J(x,)
% Sequential Forward Selection

JX, +x) > JX, +x,)>->JX, +x, ), x, ¢ X,
% Sequential Backward Selection

JX, —x)>JX, —x,)>-->JX, —x,), x, € X,

» Optimization Algorithms
. = Simulated Annealing

= Tabu Search

= Genetic Algorithms




47




Feature Extraction

48




Principal Component Analysis




2D Example

Data: Gaussian Distribution

Variance: Information

/

Feature X,

Ellipse: Major Axis vs. Minor Axis

Select the attribute corresponding to the Major Axis.

Major

—y —-—
e el -

Feature X,

50
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! 2D Example

Y2

Y1

s -
.
& . L] - * .
- .
. .
- ™
- i -
- - -

S(X) — XX
n—1
X3 l Remove correlation
1 x
S (Y) = 3 ¥
n _—
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! Some Math

Goal: S(Y) has nonzero diagonal entries and all off-diagonal elements are zero.

g7

QT

Y=PX o) S(Y):HI_IYY"" —

(n—1)8(Y)=PXX*P*

a—

— PODO" P”
=(PQ)D(PQ)

53
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A Different View

n , ) ay = etxk
J@ =) | = x|
= lell =1
n
= llage — 12
=1
n n n
— Z a2 |lel|? = 2 Z aetx, + ZIIxRII2
i=1 i=1 =1

NgE

n
a® + ) llxll?
i 1

1 i=

n n n
t t
elxix, e+ Z:lekll2 a— S = 2 Xp X
= i=1 J

i=1
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Lagrange Multipliers

Jix.y) A

max f(x,y)=3xy st2x+y=38
X,V

F(x,y,A)=3xy—AQ2x+y-98) A=6
X = i— 2
F. =3y-21 3
Fy=3x—l y=%ﬂ=4
F,=~(2x+y-8) £(2.4)=3-2-4 =24
55




More Math ...

u=e'Se— /I(ete — 1)
ou

—=28e—-2/e
Oe ] et
Se= e e=—=  eigenvector e [ N
‘ TN
‘ pars
HLLRN

eigenvalue
e'Se=Ae'e=1

m HE[REHEEH
To project the original data to the eigenvectors 1 2111 3 1

R ] ]

of S with the largest eigenvalues.




PCA Examples

mvnrnd (zeros (10000,2), s) :

X =

, 1), x(:,2),7.7)

plot (x(

/

axis equa

(s)

elg

|

. 7071
0.7071

7071

'd on

gri

0

-0.7071 O
0

[V, D] =

x *xV(:,2)

newx

hist (newx , 50)

o7
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length

breadth




59




60




The Issue of PCA

Now, let’'s consider class information ...

q 61



Linear Discriminant Analysis

< The objective of LDA is to perform dimension reduction while preserving
as much of the class discriminatory information as possible.

< Given a set of d-D vectors x4, X5, ..., X, of which N; belong to w;, and N,

to w,. Of all the possible projection lines y=w'x, find the one that
maximizes the separability.

A A
X2 X5

q 62




! Measure of Separability

3-class feature data

&
s N
Good class separation “ aagy
& . A Adh
' & - LY o ﬁh
(- 3P A &
" o E E i ® uiua A
no uE’ %& . qu:%uﬁ.
- 5 Wi o :ﬂ o o % " a
!., v °°n o #"'*'
" |———— between *‘-'4“4" —

b— within —]

worst best
1D subspace 1D subspace
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! Fisher Criterion

{m Maximize the distance between classes

¢ Minimize the scatter within each class

64




! Some Math ...

1 -
:ﬁ ZX and IJi_ Zy_ ZW S “’ between-class scatter

1 Xewy; ; yew; | XEW), l

(E _ﬁz)z = (WTU1 _WT['JQ)Z = WT!M —Hs )(”1 —HM, )TW = WTSBW

S
Si - Z(X_Ui)(X_Ui)T
XEW) TS W
8, +8,=8,, J(w )—‘H1 ”2‘ — A=
T 81 JrS2 W

within-class scatter

- Z(y_ﬁ:)z - Z(WTX_WTM)Z - ZWT(X_UE)(X_H)TW :WTSiW

Yeuy Kely Xl

32

S’+8. =w'S,w
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! More Math...

-
W SgW
J(w)=—="2 <«—— generalized Rayleigh quotient

W

d w'S.w

N[J(W)] F dw [WTSE,W} =0=

]d[WTSBW]_ [WTS W]d[WTSWW] —0 =
dw . dw

= WS, w|2S,w - [w'S,w]2s,,w =0

=" [WTSWW

[TSW]WITSW]_ [
- TR I T ik

= SpWw-JS,w=0 =
= S, S;w-Jw=0
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! More Math...

S;SBW = JWw <«—— eigenvector problem!

Spw= (/ul —H, )(/ul —H, )TW = (:ul

Jw=S(S,w)= S (st, — 11, )R

R
W=7ﬁﬂm—uﬁ

R= (,u1 — M, )Tw <——— scalar

— H, )R

w'S.w
p— w* = argmax B__3-_8
9 {WTS w} 4

W W

67
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LDA Example

R/

«» Dataset

= C1=1[(1,2);(2,3);(3,3); (45); (55)]
= €2 =1[(1,0);(2,1);(3,1);(3,2); (53); (6,5)]

%+ Covariance of [cl; c2]

. Z=[2'7636 2.2545
2.2545 3.0182

O/

% Eigenvectors and Eigenvalues of Z

. V= —0.7268 0.6869
| 0.6869 0.7268

0.6328 0 ]
0 5.1490

<+ The direction of PCA projection: [0.6869,0.7268]"
69
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LDA Example

The mean of each class
= u, = mean(cl) = [3.0,3.6]7
= u, = mean(c2) = [3.3,2.0]7

o [ 011 —0.53
Sp = (U — pz) (g — ) —0.53 2.56

The scatter of each class

= S, =4 Xcov(cl) = 180 782]

= S, =5Xcov(c2) = 11753 12
273 24
Sw=o1+52F o, 935

70




LDA Example

0

o o -1c _[026 —1.27
Sw 9p = —0.30 1.42

*

< Eigenvectors and Eigenvalues of S,,~'S;

. V= —0.98 0.67
~ 1-0.20 —0.75
o o

b= 0 1.69]

J
0’0

The direction of LDA projection: [0.6656,—0.7463]"

o
*

Alternatively

= S, (uy — uy)T =[-0.7936,0.8899]T
= After normalization: [-0.6656,0.7463]"




! LDA Example

6
PCA

5

A /

| '// ?
2 \ o—/ ®

1 o o

0 ®

1 ,\

2 N

LDA

-3

-3 2 1 0 1 2 3 4 5
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C-Class LDA

= Fisher’s LDA generalizes very gracefully for C-class problems

o Instead of one projection y, we will now seek (C-1) projections [y,,y,....,Y4] by means of
(C-1) projection vectors w,, which can be arranged by columns into a projection matrix

W=lwywyl...|we 4:

y.=w,'x = y=WTx

s Derivation x

o The generalization of the within-class scatter is
C
SW — ZSI
i=1

where S, = Z(X—Ili)(x—ui)T and :i V. X

Xl Ni XEW;
¢ The generalization for the between-class scatter is

S5 =Y N~k —1)'

1 1
h =— = SNy
where p NZX NZ 1.

VX Xeuy,

C
=1
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! C-Class LDA

< For C-class LDA with C=2, S; is defined as:

Sy =Nth =11 s—11) +Nylge,— 11, — 10’

T
MH\%I NMJFNM) Hvz(% NIWNMI%

( N N
_ ( I e 2;12) Nz(Nlﬂz]:’ IMINM;{ IMJT
B Nz TP P N;N (o~ ) ps—14)'
=M(M )4 1)

I
\NI

\-f

- 2

N +Nophy

N

)T




C-Class LDA

N1=1000; N2=500; N3=2000;

e, X1=mvnrnd([0,0], [1,0;0,1], N1);

X E 5 ok X2=mvnrnd([3,6], [1,-0.8;-0.8,1], N2);
ﬂ% . = X3=mvnrnd([10,6], [1,0.8;0.8,1], N3);

\O° | o ﬁ?ﬁ :. aa S1=(N1-1)*cov(X1); S2=(N2-1)*cov(X2); S3=(N3-1)*cov(X3);
—

10

L
’/

— Sw=81+S2+S3;

M1=mean(X1); M2=mean(X2); M3=mean(X3);

2 o o Mu=(N1*M1+N2*M2+N3*M3)/(N1+N2+N3);

4 Sb=N1*(M1-Mu)*(M1-Mu)+N2*(M2-Mu)™*(M2-Mu) +N3*(M3-Mu)"(M3-Mu);
_ J=inv(Sw)*Sb; [V,D]=eig(J);

o
oOOO
@©

600 T T T T T T T T T 600

500} 500}

400 400
_— 300 300
200 200

100 100




Limitations of LDA

% LDA produces at most C-1 projections
= Sgis a matrix with rank C-1 or less.

% Sy may be singular. .(

O/

<+ LDA does not work well when ... .

Hi=H=H
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