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Data Mining




One of the most used definition
(Fayyad et al 1996):

Knowledge Discovery in Databases (KDD) is a

Process that aims at finding :
» valid

» useful

* hovel

* understandable

patterns in data
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Business Data
Understanding Understanding

Data
Preparation

Deployment

Modeling

Evaluation
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What is the temperature going to
be tomorrow?
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Data Description & Exploration
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Variables
Srand_n’ame Distinct count 3901 Nike [ 25234 <R N y
ategorica . % 69 @ ) g_l (
;’i‘;:?:g((/‘%f) 226.;:% Victoria's s:lc’:eKt =2225¢?7024 AG K % @ S M II LE Em O P @‘G # a I ]
Missing (n) 295525 Other values (3897)
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Toggle details
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category_name Distinctcount 1224 Women/Athletic Apparel/Pants, ... [ 27900
Categorical Unique (%) 0.2% Women/Tops & Blouses/T-Shirts [J 21702

Beauty/Makeup/Face [ 16017

Oter values (1220

Toggle details

item_condition_id Distinctcount 5 Mean 1.9061
Numeric Unique (%) 0.0% Minimum 1 R B
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default
.0 employ_OPTIMAL 1 Count 162 18 280
W Expected Count 206.8 732 280.0
% within 57.9% 42.1% 100.0%
employ_OPTIMAL
Residual -44.8 4438
2 Count 355 65 420
Expected Count 3102 108.8 420.0
% within 84.5% 15.5% 100.0%
employ_OPTIMAL
employ = 6.82 Residual 448 -44.8
Percent = 78.947 Total Count 517 183 700
t Expected Count 517.0 183.0 700.0
; % within 73.9% 26.1% 100.0%
7 employ_CPTIMAL
[
Chi-Square Tests
Asymptotic
Significance Exact Sig. (2- Exact Sig. (1-
Value df (2-sided) sided) sided)
Pearson Chi-Sguare 61.873% 1 000
Continuity Corraction® 60.500 1 oo
Likelihood Ratio B1.208 1 0oo0
Fisher's Exact Test .00o 0oo
Linear-hy-Linear 61.785 1 ooo
Association
M ofvalid Cases 700
40 P A P — . A -
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Independency test
ttest )
#HLt @' K 6A" K)
|IsBadBuy |P.uctinn |Uehicle.ﬁ.ge Transmission | WheelType |VehOdo TupThreeﬁ.mericanName|‘u"ehEIDnst|IsDnIineSale|Warrantycnst
0 ADESA 3AUTO 1 89045 OTHER 7100 ] 1113
0 ADESA 5AUTO 1 93583 CHRYSLER 7600 ] 1053
0 ADESA 4 AUTO 2 T3B07 CHRYSLER 4900 ] 1389
0 ADESA 5AUTO 1 BRE17 CHRYSLER 4100 ] 630
0 ADESA 4 MAMUAL 2 B8367 FORD 4000 ] 1020
0 ADESA 5AUTO 2 81054 OTHER BE00 ] a4
0 ADESA 5AUTO 2 GBH328 OTHER 4200 ] 533
0 ADESA 4 AUTO 2 G5B05 FORD 4500 ] 825
0 ADESA 2AUTO 2 49921 OTHER BEO0 ] 482
0 ADESA 2AUTO 1 84872 FORD 7700 ] 1633
0 ADESA 4 AUTO 1 80080 GM 5500 ] 1373
0 ADESA 8 MAMUAL 1 7419 FORD 5300 ] 869
1 ADESA 4 AUTO 1 79315 CHRYSLER 5400 ] 1623
0 ADESA 4 AUTO 2  T12584 OTHER 7800 ] ARG
0 ADESA JAUTO 1 74722 CHRYSLER Ga0o0 ] 1623
0 ADESA B MAMUAL 2 T2132 GM 3300 ] 1455
0 ADESA 4 AUTO 1 BOT3E GM G200 ] 1243
0 ADESA 6 ALTO 2 TH156 GM 4800 ] 1823
0 ADESA 4 AUTO 2 GROZE GM 5700 ] 1703
0 ADESA 5AUTO 1 84488 GM 7100 ] 1243
0 ADESA TAUTO 2 B45B6 CHRYSLER 4800 ] 1551
0 ADESA TAUTO 1 BAERIGE GM 5800 ] 2003
0 ADESA 5AUTO 2 98130 GM 4100 ] A613
DADESA 2 EQTBQGM 7700 ] 671

JAUTO

(

(i
®Cé& ¢ CA
) *ATY(*A) H

) ®C @" K4 [ "&DH
daychegroup @

daychegroup
oSl 6g,S | dayche.com



EK#Y G( N

#H G("

EK#yY

G (

(
(

Ve

®C

¢ CA

A

#H ?2®D ¢ SCGA A vy )( .G(*A) ¥,

Gender * Clusters Crosstabulation

Clusters
Clusters
Input (Predictor) Importance cluster-1 cluster-2  cluster-3  cluster-4  cluster-5  cluster-6 Total
.1_0 .0.8 .0.6 |:|O.4 |:|O.2 |:|0.0 Gender F Count 8 ] 10 7 1 " 46
Expected Count a.8 a7 126 6.1 32 a7 46.0
% within Gender 17.4% 159.6% 21.7% 15.2% 2.2% 23.9% 100.0%
Cluster cluster-3 cluster-6 cluster-1 cluster-4 cluster-2 cluster-5 Residual -8 33 -26 9 22 1.3
Label 1] Count 39 249 561 271 143 428 2043
Expected Count 3802 2523 5584 2719 1408 4293 2043.0
Size % within Gender 19.1% 12.2% 27.5% 13.3% 7.0% 20.9% 100.0%
27.3% 21.0% 19.1% 13.3% 12.4% 6.9% ;
(571) (439) (399) (278) (258) (144) Residual 8 -33 2.6 -4 22 -1.3
Total Count 3499 258 a71 278 144 439 2089
| t
nputs Expected Count 3990 2580 6710 2780 1440 4390 20890
Frequency Score Frequency Score Frequency Score Frequency Score Frequency Score Frequency Score -
4.50 1.31 1.28 1.56 3.56 4.33 % within Gender 189.1% 12.4% 27.3% 13.3% 6.9% 21.0% 100.0%
Chi-Square Tests
Monetary Score Monetary Score Monetary Score Monetary Score Monetary Score Monetary Score
3.61 1.62 4.64 1.66 2.07 4.21 Asymptotic
Significance
Value df (2-sided)
[ Chi-8 4 430° i 484
Recency Score Recency Score Recency Score Recency Score Recency Score Recency Score LR CUT
3.63 2.10 Likelihood Ratio 4711 i 452
M ofValid Cases 2089
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a. 1 cells (B.3%) have expected count less than 5. The
minimum expected countis 3.17.
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@ ) v n o o ~. e ~ ~ < ~ .
0% - e O:o %o O KYT'LCBRE"PG, 8REGEG-LP¥NPA
P b ® o o o . . . B
O...oo Y Y ofoooo 3CY)* B IGRF & # , H5GHE) = A
@ - OOO © o o o o Oé) o oO OO
0° @ :Jn %Uo OOO_Oo (g ©
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) ®C @" KA I "&DH ¢
daychegroup @

daychegroup
oSl 6g,S | dayche.com
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(Construction) § s 1 16 &# ,C
E) #AL&() #ad , "
JE"BH KO R @DB"(* 65 "TECEH§Hs | 8KHE# CAB " K#KAGO ) IGORT y6 At&) #al , "

8t
o SVDHRCA®CE # BB HI & Gt K @# 66

+# , *#ABs | BSKEGYEINa @eDa#z ?2 ¥ NP A
#B(DGAcC#E) CKBWI B#,

_6 1 N T S T daychegroup @
daychegroup
oSl 6g,S | dayche.com




EK#Yy G “

#H G(" (

(Construction) § s 1 16 &# ,C
0 E,E'#dls | ®*&K(BHCDH 5 ®Y
#B(E¢#H( ¥ DLREDE " RARCEBHE(J A HEGFHERBHKKD G BEDGE@FE & )cE) @G- A
“ &0 ELDaAEEBYHK)CGa*RE § B E,E#ds | *&K(BHACDL s ®y
0 Onehot encoding
o Ordinal or label encoding
o Orderedlabel encoding ®TA gD *DPLD E) " as ®yc #) KRG 1#caH A# 4 FOLXL)DL ( C
o Probability ratio encoding

0 Rarelabels encoding
) ®C @" KA [ "&DH ¢
daychegroup @
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EK#Yy G N

#H G("

(Construction) § s 1 16 &# ,C
gE,E'#ds | RK(BHCDh s ®Y
0 Onehot encoding ©Color  Target Cotor. | EGHGHAEN ICSIGHRN 1 Targetn]

. . 1
o Ordinal or label encoding zz:tgx

Blue
Yellow
Red

0

1

o Orderedlabel encoding 1
1

Yellow 0
1

0

1

0

->

0 Probability ratio encoding

Red
Red
Yellow
Blue

o Rarelabels encoding

oO—~0o0 -0 —0 —
—0OO0OO0OOO0OO0OO—=0O0
OO —=—-0 0000
O -0 =0 == = =0

One Hot Encoding
) ®C @" K& i "&DH ¢

One-hot encodinginto k-1 or k variables? daychegroup @)
daychegroup
oSl 6g,S | dayche.com




One-hot encoding
Ordinal or label encoding
Orderedlabel encoding
Probability ratio encoding

Rare labels encoding

Yellow
Yellow
Blue
Yellow
Red
Yellow
Red
Red
Yellow
Blue

EK#Yy G( N

#H G(" (

(Construction) § s 1 16 &# ,C

§E,B#dls | BK(EHCD » @Y

Label Encoding

N — W W= WD = N) ==

) ®C @" KA I "&DH ¢
daychegroup @
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One-hot encoding
Ordinal or label encoding
Orderedlabel encoding
Probability ratio encoding

Rare labels encoding

- Color  Target
Yellow 0
Yellow 1

Blue 1
Yellow 1
Red 1
Yellow 0
Red 1
Red 0
Yellow 1
Blue 0

EK#Yy G N

#H G("

(Construction) § s 1 16 &# ,C

A4

A

§E,B#dls | BK(EHCD » @Y

Yellow 0.6 2
Blue 0.5 3
Red 0.66 1

—

Ordered Label Encoding

- Color  Target
2 0
2 1
3 1
2 1
1 1
2 0
1 1
1 0
2 1
3 0

) ®C @" KA I "&DH ¢
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EK#Yy G N

#H G("

(Construction) § s 1 16 &# ,C
GE,E#is | RK(BHCDH s ®Y

0 ©Onehot encading © Color  Target © Color  Target
, , Yellow 0 1.5 0
o0 Ordinal or label encoding
Yellow 1 _--- 1.5 1
. Blue 1 Yellow 0.6 . 1 1
o Orderedlabel encoding Yellow : awe 05 05 0 15 1
Red 0.66 0.34 1.94
. : : Red 1 1.94 1
o Probability ratio encoding Yellow 0 15 0
. Red 1 é 1.94 1
o Rarelabels encoding Red 0 1.94 0
Yellow 1 1.5 1
Blue 0 1 0
Probability Ratio Encoding ) ®C@" Ka ["&DH

daychegroup @
daychegroup
oSl 6g,S | dayche.com




EK#Yy G N

#H G("

(Construction) § s 1 16 &# ,C
GE,E#is | RK(BHCDH s ®Y

0 Onehot encoding - Color  Target - Color  Target
Yellow 0 Yellow 0
o Ordinal or label encoding Y;ﬂj’:’ : Y;‘l{j’;” 1
Purple 1 Others 1
o0 Orderedlabel encoding Red 1 Red 1
Yellow 0 Yellow 0
o Probability ratio encoding Red ‘ G 1
Orange 0 Others 0
) Yellow 1 4 Yellow 1
o Rarelabels encoding Blue 0 Blue 0
Blue 1 Blue 1
Yellow 1 Yellow 1
Green 1 Others 1
Yellow 0 Yellow 0
Red 1 Red 1
Gray 0 Others 0 ) @ C@" K& [ "&DH ¢
Orange 1 Rare Label Encoding Others 1 daychegroup @

daychegroup
oSl 6g,S | dayche.com
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#H G(" (

(Discretization / Binning) E ¢ #J,1 - - &

T, 'G()'(*L&K)YXi , EGH(JY) KBYDE@¥ (| - *= (J#HAD EGH(B& @&Ke o* A

—

) @ C@" K& [ "&DH ¢
daychegroup @

Discretization Pl"OCESS daychegroup
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DGA¢(E)# (#C9D 6A" K) Cé&*
y®H ®AGA K JI--s

gEy E#H Gg¢" ®c¢"

T AD ) (

EK#Yy G N

#H G("
(Discretization / Binning) E ¢ #J,1 - - &

Ec#, - 1GEH

#H ¢? @A *A THEAN EE)ELA0E )*(G-
CD (#é¢ K 6,LID zFy ®Dg¢)

JLDDE#B EBGS( #&WE#H FIi &)

) @ C@" K& [ "&DH ¢
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DGRE)# (#C9D 6A"K) Cé+*
y®H ®AGA K Ji--s

gEy E#H Gg¢" ®c¢"

T AD ) (

EK#Yy G N

#H G("
(Discretization / Binning) E ¢ #J,1 - - &

Ec#, - 1GEH

#TH. ¢? @DA */E THAAN HX)8LA0E )*(G-
CD (#&¢ K 6, LID

JLDDE#B EBGS( #&WE#H FIi &)

) @ C@" K& [ "&DH ¢
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DGA¢(E)# (#C9D 6A" K) Cé&*
y®H ®AGA K JI--s

gEy E#H Gg¢" ®c¢"

T AD ) (

EK#Yy G N

#H G("
(Discretization / Binning) E ¢ #J,1 - - &

Ec#, - 1GEH

#TH. ¢? @DA */E THAAN HX)8LA0E )*(G-
CD (#&¢ K 6, LID

JLDDE#B EBGS( §y&WE#H FIi &)

) @ C@" K& [ "&DH ¢
daychegroup @
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DGA¢(E)# (#C9D 6A" K) Cé&*
y®H ®AGA K JI--s

gEy E#H Gg¢" ®c¢"

1 AD )

EK#Yy G N

#H G("
(Discretization / Binning) E ¢ #J,1 - - &

Ec#, - 1GEH

#TH. ¢? @DA */E THAAN HX)8LA0E )*(G-
CD (#&¢ K 6, LID

JLDDE#B EBGS( #&WE#H FIi &)

) @ C@" K& [ "&DH ¢
daychegroup @
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#H G("

(Discretization / Binning) E¢ #,i - - €
Ec#,0 - EstH(*dé&K)

Domain Knowledge o o
110 z#H G#'Y Kt AKBJAI@DEDE DR4( ()" LD

1," G®CCy DGG9l zgEy E#I
K 7#DBEM _ " "¢ K EM<AgGByAeé *9A# ND
K €"LPBdecl8 "p( Age<10 Ae*93q#ND

Histogram with Mean Line

o Custom discretization
Unsupervised Approaches
o Equaklwidth discretization

o EquaHrequency discretization

0 K-means discretization L
H#G( " C"* 2lcit]1 GI6( # a

EGE#A A#daic" )( E
IT-H & #CD

Supervised Approach

40+

o Discretization with correlation (ChiMerge Alg.)

count

201

o0 Discretization with decision trees

i
l
daychegroup @

LifeExp daychegroup
asuls 69,8 | dayche.com




EK#Yy G N

#H G("

(Discretization / Binning) E¢ #,i - - €
Ec#,0 - EstH(*dé&K)

Domain Knowledge
o Custom discretization mazxvalue — minvalue

width =

Unsupervised Approaches N

o Equaklwidth discretization
o EquaHrequency discretization

0 K-means discretization

Supervised Approach

o Discretization with correlation (ChiMerge Alg.)

h

-60 -40 -20 0 20 40 60 ) ®C @" KA [ "&DH ¢
daychegroup @

Equal width Discretization daychegroup

aSuls 6g,S | dayche.com

o0 Discretization with decision trees




EK#Yy G “

#H G("

(Discretization / Binning) E¢ #,i - - €
Ec#,0 - EstH(*dé&K)

Domain Knowledge )@E ¢ 0 DQlaii@A# H plRA,U#&D +#," *A zgc" K"+ A
o Custom discretization yE P E#H)"eA" c" Gbeé#BG@(EHPBBEHI ®F Ki (L
Unsupervised Approaches S . ]

®T #A gD Ec#, JI
o Equaklwidth discretization

o EquaHrequency discretization
EAAGC" K"*A E*A"*A E#YA

(LT gD Ji, ( gBGGX iEACAD

o0 K-means discretization
Supervised Approach
o Discretization with correlation (ChiMerge Alg.

o Discretization with decision trees % % % % o
o % g % % ) ®C @" K& [ "&DH ¢

Equal-Frequency Discretization daychegroup @
daychegroup
aSuls 6g,S | dayche.com



EK#Y G N

#H G("

(Discretization / Binning) E¢ #,1 - - §
Ec#,0 - EstH(*dé&K)
Domain Knowledge GK* § *BIENKE * @" g "o ER G *is" ) MHEEGA JC 4@ BID - - s
o Custom discretization

Unsupervised Approaches Bin Lower Upper Proportion % Count
: : L 1 >=1 <=1 | 31.08 69
o Equalwidth discretization - > 1 =3 | 19.37 43
3 =3 ==9 ] 2613 H8
. . . 4 =9 <= (15 2342 52
o EquaHrequency discretization — , , , , ,
0 K-means discretization
Supervised Approach E* --------------- S R B —
o Discretization with correlation (ChiMerge Alg) § | ' ' ' '
o Discretization with decision trees e I T T A
) ®C @" KA | "&DH ¢
I | F | . | daychegroup @

10 15 20 25 a0 35 . daychearou ‘
9 5 Patient_Count_TILE4 B y 9 P
oSl 6g,S | dayche.com
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#H G("

(Discretization / Binning) E ¢ #1,1 - - €
Ec#, - EstH(*dé&K)

Domain Knowledge GK*(s ¢ * H# EGA 74 E'Y D A EREA *)Ht ICU9IAEGA H4@HBD- - s
o Custom discretization

Bin | Lower | Upper || Proportion % Count
Unsupervised Approaches 3 T 1%
: : L 3 >= 80 <615 |1 3.15 7
o Equaklwidth discretization 4 ==615 | <==8615 [] 0.45 1

o EquaHrequency discretization

0 K-means discretization

Supervised Approach

_______________________________

0 Discretization with correlation (ChiMerge Alg.)

o Discretization with decision trees

) ®C @" KA I "&DH ¢
daychegroup @

daychegroup
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EK#Y G “

#H G("

(Discretization / Binning) E¢ #,1 - - §
Ec#,0 - EstH(*dé&K)
Domain Knowledge _ . ~ . e o .
®" LI gD z&EM IJ§dsicelKl EkNMeans JFillea) Lt @ ¢
o Custom discretization

_ ®T #A kI( " ®91 JA Ec#, JI--s
Unsupervised Approaches
) ) ) ) - Discretization with k-means Clustering
o Equalwidth discretization
o EquaHrequency discretization — PR : o—o . o—o
|+ i .

0 K-means discretization

Cluster 1 ' Cluster 2 Cluster k,

Supervised Approach ey

o) Discretization Wlth Correlation (Chl M erge Alg) Unsupervised discretization with k-means clustering for finding cut points

o Discretization with decision trees

) ®C @ K4 i "&*DH ¢
daychegroup @

daychegroup
oSl 6g,S | dayche.com
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#H G("

(Discretization / Binning) E ¢ #,1 - - €
Ec#, - EstH(*b&K)

Domain Knowledge _ ) y N , - .
B" LA CHH(+*PH#AEZHA *A G®T | " ®H E)

At ") geé#H JI1, ( 1T &#1 ap VI yc#ied®CH)GH# Y R
®E#EC (#Yé&" yY®H +Py /A& U*A

0 Custom discretization
Unsupervised Approaches

o Equaklwidth discretization

Saigs. | P K Intervals ChiMerge Discretization
o EquaHrequency discretization Il Il |‘ I }ggi Example
2 3 2 s
o K-means discretization B 7 [t ] {575} “Sortand ?ﬁ:f;é'lewamm
. I4 I8 || | {7.5,8.5} group (in this example
Supervised Approach L[5 [T ] (ss510)  awibueR.
. . . ) ; ) |6 Ill |2 I {10,17} «Start with having every
o Discretization with correlation (ChiMergeAlg.) 15 Tz ] 11730 unique value in the
’ attribute be in its own
. . . . .. i 1.
o Discretization with decision trees 8 13 11| (3038) erva
& EEE | (3842) ) ®C @" K4 | "&DH
[10  [45 |1 | {42,455} S
[0 e [1 ] (455.52) daychegroup @)
[z [ |1 | {5260} daychegroup

oSl 6g,S | dayche.com



EK#Yy G N

#H G("

(Discretization / Binning) E ¢ #1,1 - - €
Ec#, - EstH(*dé&K)

Domain Knowledge ChiMerge Discretization
o Custom discretization j“"‘"‘e - ‘1‘ e
Unsupervised Approaches 2 3 2 *Begin calculating the Chi
l Square test on every interval
o Equakwidth discretization - .
. . . $ g l Sample | K=1 K=2
0 EquaHrequency discretization 5 9 1 > 0 , !
. . . 3 1 0 1
0 K-means discretization 2 e . o T 1 -
7 23 2
Supervised Approach 2 = 1
o Discretization with correlation (ChiMergeAlg) [>___[3 [2 B P Ea
- - - - . - 10 45 1
o Discretization with decision trees i : :
11 46 I el [ Z ) ®C @" K& | "&DH ¢
12 59 1 daychegroup @

daychegroup
oSl 6g,S | dayche.com




Domain Knowledge

o Custom discretization
Unsupervised Approaches

o Equalwidth discretization

o EquaHrequency discretization
0 K-means discretization

Supervised Approach

o Discretization with correlation (ChiMerge Alg.)

o Discretization with decision trees

EK#Y G N

#H G("

(Discretization / Binning) E ¢ #1,1 - - €

Ec#,0 - EstH(*dé&K)

ChiMerge Discretization Example

Sample

=1

K=2

E]l = (1/4)*2= "

2

0

1

3

1

0

E,, = (1/4)¥2=".5

total

1

1

X2=(0-5%5+1-57%5+(0-55+(1-52%5=2

Sample

K=1

K=2

E, =(1/2)*2=1

3

1

0

1

4

1

0

1

E, =(1/2)%2=1

total

2

0

2

X2 = (1-1)%/14+(0-0)%/0+ (1-1)*/1+(0-0)/0 =0

Threshold .1 with df=1 from Chi square distribution chart merge if

X2 < 2.7024

®C@" KA | "&DH ¢
daychegroup @

daychegroup
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Domain Knowledge

0 Custom discretization

Unsupervised Approaches

o Equaklwidth discretization

o EquaHrequency discretization

0 K-means discretization

Supervised Approach

o Discretization with correlation (ChiMerge Alg.)

o Discretization with decision trees

EK#Y G N

#H G("

(Discretization / Binning) E ¢ #1,1 - - €
Ec#, - EstH(*dé&K)

ChiMerge Discretization Example

Sample

K

p—

2 3 2
3 7 1
4 8 1
d 9 1
6 11 2
7 23 2
8 37 1

39 2
10 45 1
11 46 1
12 59 1

Intervals

{0,2}
{2,5}

(5,7.5)
[7.5,8.5)
(8.5,10}
(10,17}
(17,30}
(30,38}
(38,42}
(42,45.5)

{45.5,52}
{52,60}

LV}

AL

Chi?

\]

S O NN D OO N

*Calculate all
the Chi Square
value for all
intervals

*Merge the
intervals with
the smallest Chi
values

) ®C @" KA | "&DH ¢

daychegroup @
daychegroup

oSl 6g,S | dayche.com
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(Discretization / Binning) E ¢ #1,1 - - €
Ec#, - EstH(*dé&K)

Domain Knowledge ChiMerge Discretization Example

0 Custom discretization Sample | F K Intervals Chi?
. 1 | 1 {()’2} i
n rvi Approach
Unsupervised Approaches - 3 2 s =
o Equaklwidth discretization 3 i 1 } 4
: L 4 8 1 {5,10}
o EquaHrequency discretization - : .
_ - 5 *Repeat
0 K-means discretization p m >
= {10,30}
Supervised Approach } 3
Discretizati ith lation (ChiM Al 8 . L] 2
o Discretization with correlation (ChiMerge Alg.) 3 — > (38.42)
o Discretization with decision trees 10 45 ! } +
11 46 1 {42,60} ) ®C @" K& | "&DH ¢
12 59 1 daychegroup @

daychegroup
oSl 6g,S | dayche.com




EK#y G( “

#H G("
(Discretization / Binning) E¢ #,1 - - §
Ec#,0 - EstH(*dé&K)
Domain Knowledge ChiMerge Discretization Example
o0 Custom discretization Intervals  Chi2
Unsupervised Approaches : | {05}
o Equalwidth discretization ' EEEEE }1-875
o EquaHrequency discretization - l.z i {5,10}
, 3 |
0 K-means discretization *Again
T (10,30}
Supervised Approach 7 22 |2 ’ } L
o Discretization with correlation (ChiMerge Alg.) _ (30,42}
o Discretization with decision trees 10 = 1 } 1.875
1 46 1 (42,60} ) ®C@" Ka & DHc
12 59 1 , daychegroup @

daychegroup
oSl 6g,S | dayche.com
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#H G("

(Discretization / Binning) E¢ #1,1 - - €

Ec#,0 - EstH(*dé&K)

ChiMerge Discretization Example
Sample | F K Intervals Chi?

Domain Knowledge

o Custom discretization
Unsupervised Approaches
o Equaklwidth discretization

o EquaHrequency discretization

_ o 3.93
o K-means discretization Until
Supervised Approach
o Discretization with correlation (ChiMerge Alg.) 303
o Discretization with decision trees 10 45 I
1 46 1 {42,60} — ) ®C @" K& | "&DH ¢
12 59 1 daychegroup @

daychegroup @
aSls 09,5 | dayche.com




EK#Yy G( N

#H G("

(Discretization / Binning) E¢ #1,1 - - €
Ec#, - EstH(*dé&K)

ChiMerge Discretization Example

Domain Knowledge
Intervals  Chi?

Sample F K

0 Custom discretization

Unsupervised Approaches {0,10} ~

*There are no more
> 9272 intervals that can

o EquaHrequency discretization satisfy the Chi
6 1 |2 Square test.

o Equaklwidth discretization

0 K-means discretization

Supervised Approach

o Discretization with correlation (ChiMerge Alg.) H >~ 3.93

. L . . 10 |45 1
o Discretization with decision trees T 26 , (42,60} o
= = l ) ®C @" KA [ "&DH ¢

daychegroup @
daychegroup @
aSsls 09,5 | dayche.com
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(Discretization / Binning) E¢ #,i - - €
Ec#,0 - EstH(*dé&K)

Domain Knowledge . : R, R gy . .
" Q@CE&GEAl zI|I a) ##,d#*A G®T | e" ®H E)

B8 *&(#CD E®CA Ji,( JA C"®¢" zy®H
®E#EC gD gsi

0 Custom discretization
Unsupervised Approaches

o Equaklwidth discretization

o EquaHrequency discretization
0 K-means discretization %

Supervised Approach /fN /T\ T T /\
o Discretization with correlation (ChiMerge Alg.) ‘/T\‘ ) 09 o0 "%\"A ‘T *
o Discretization with decision trees 00000000 000 0000 00 6 00

) @ C@" K& [ "&DH ¢
daychegroup @

daychegroup
oSl 6g,S | dayche.com
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#H G(" (

(Aggregation) E ¢ #G( * K: AGE I

(LYDC# Y &'t HAIEci,0 PKG( (") BLEGCY#HAB (" GEY I
#B(JEH#HIEKT#EGCGEBGA I

("*G@N 5, JE* 11 D,¢"BCARA &K " ¢ ASild GpaBc &MAe *BH#ED:" GEANM ND5 A
# HD)tE@™ I&#8ED " e0A "

(*yRGE TENI((¢H* | E+armaal D) A& B 5 ,] 8 # A#GEd®D ¢ ®BR#E( " GEAMM ND5 A

#B(3H# Y
@HYIH#F( #& @BPCERKEI(FY®CcYIE* | §F B "# &gy 0 Py ¢ § ACE®GI(:" GEX¥#ND5 A

) @ C@" K& [ "&DH ¢
daychegroup @
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EK#Y G “

#H G(" (

(Aggregation) E ¢ #G( * K: AGE I
TT"(YREDA#CL I @B (" GEN#GEESA
(Key Field E ® G®N&A& [ (£ "
RVE* | R ?H# ND Ad)), "#@®§1 GH# Dxja #MD LUEBT & M HRAAIGAA (74 B DA (J § L E¥eD

®T B B()(t c" GeGOCHH, e, B yKG# t 1@ A # a,
D&."p 8 EA) HBA*"GGI IPHA" CeEA) B (2 (GCEX¥GABBI Dz gt ¢'"5,DE PGCAXHIZLEND #AI1 pé
T "@H" (adKpD"
() ROKE"GF Ard@CIH EH"Lcé D EREGCRAHHROAEGA ¢
JADCAKE#] PREGY 2z P# NP MUK # ERE(J §L EWIEEEACRACGBCAEGYE # ZEBEAZIAYN A I p ¢
(LGCE* + BCE¢®EY " B5l) £B(gt(c" (eé)
) @ C@" K& [ "&DH ¢
daychegroup @
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Central

Mid-atlantic

Mortheast

Category
Books
Electronics
Movies
Music
Books
Electronics
Movies
Music
Books
Electronics
Movies
Music

Revenue

£251,270
£5,307,467
£241,405
£1,112,782
£210,320

22,565,830

£208,237
£194 435
2,048,826
£8,563,073
£395,246
£368,269

15,715
15,278
15,300
/59,8049
13,023
63,424
13,299
13,063
127,017
24,974
25,335
24,817

EK#Y G N

#H G("

(Aggregation) E ¢ #G( * K: AGE I
TT"(YREDA#CL I @B (" GEN#GEESA
Ec#,0Paldlail(@"
‘®CIl ) YOER®U | AECHW 0 PR#MaA# T # EHE cJHO, P:aA" L |
z* NYKB@®%R®@) (L'YGRDD Gt 2 #ZGBYD
K., ¢ #&2))"#G"9*D& & 'K? KE# pl) #zU ¢ # GD

E#G(¢®e @O &A@ CGAYH &GRS EF &Bc 8,0 PalRGAH a# A "

®T §B {0 §tDc " (5é)éI)#G®®|‘#(I#¢'I)D'é("’|‘_@\u #@@G( * 7 A
) ®C @" KA I "&DH ¢
daychegroup @
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(Aggregation) E ¢ #G( * K: AGE I

(Recency,FrequencyMonetary) RFMB G A & |
QY EY ®H "DGGRI# ¢ *HRMAI A* 1 1 DX'( QEF¥AY LG DAL - PA#EJAGCKK) &
Recency ExI ®BDDa *cd' ARecANCy2 A # 1 0
E*x ®Bt & ®eduency2 A #1 0
E*| ®Pt AABPMonetary2 a #1 o

z G # a4, gi (vl)'/"*i E#H G(" ( Eg
Ji--s #A KRFN] LEBtcH @& #& i ¢ L"i) [
(LEC (#é%f'ev#"ll E')*)i Yy * A E"* A C ¢
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EK#Yy G( N
#H G("

(Aggregation) E ¢ #G( * K: AGE I

(Recency,FrequencyMonetary) RFMB G A & |
g9GEYI E#H G("(

E#H G("(

Date Item [ Recency Frequency Monetary
99/01/07 10 28 1850
990V 07 3 35 750
99/02/15 35 3 170
99/02/25 12 18 100)
99/03/05 5 1 20
99/03/17 45 1 1000
99/03/22 24 1600
99/03/28 17 22 580
99/04/07 18 1360
99/04/07 24 5 120
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S D e L
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CID Recency Frequency Monetary
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(Smoothing) E¢ #, ) CLE
1, #E(CH&HB( E£1 OBIYHEaP LIGT #, EHHEMH
gi AW * GRE) L0t E4dls | GO# IBREIKGRH ( # 18" *0@1 #03 () H" * KG& ® " *aEA¢ ) K
(LD (YA YCDIBAH@@GA( £1 B *AGC
Ec#," ) EES8 pie(K)
( KOEDEOd #, ) I BBrER™yt ¢ #) EHURAE(+#, *Be #, Yoca)AED p ®K)

#B(JHEHEC#, )L B ((L UEDHKE B'ByW # , *'Bc #, YGobab2t , '(* p ®K)
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(Smoothing) Ec #, ) CL E

(LE®GA *(§dJG,) R¢§ DRIGE (T ek , *Be #, ) PBEMHK)

gc#pD E#H G Eg##D;" EBH G ) E#.HE HG(

Spatial Data Time Series Data Record Data

da Daily COVI eaths oo,
) W .::.: ) ,
: R . 1)®t@ Kai"&DHC
1.\'"‘ £ ¥ '?_ F _________ .- __________________________________________ : daychegroup @
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#H G( " (

(Smoothing) E¢ #, ) CLE
E*SE#G(Eq#, ) 8LEH
ExE#G(28) #s#(A LBOD#HA* SE#G(E¢#, )" LEH
‘@7 §B%* B () (L ULDHed H# K

(Outlier Detection) E* E#GI( #(4A) LG ® A , B#IHK) o
@inning)E¢ &, - €9HK) o
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EK#Yy G( “

#H G(" (

(Smoothing) E¢ #, ) CLE

gcEBE(Eq#, )0 LEH
) E* E#G(Re(E LBEH#Y I §¢cEBG(E¢#, )" LEH

Forida Dadly COVID-15 Desths

. ®1 ®AKAF L v BG Al % 1)D) #IPCAERH @OKQH 5 D
" //W (Simple Exponential Smoothing)G( § ¢ #E& , ) 8 LEH
e e e e e (Simple Moving Average Smoothing)G( #* & DBt €% &D) 8 LEH
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EK#Yy G( “

#H G("

(Smoothing) E¢ #, ) CLE

gc EBE(Eq#, )b LEH
(SimpleExponentia)G( § e # & C
Exponential Smoothing tH#, *"Q\G@} "EE Kl)#lﬂ B & Qﬁ(AJ) G@K®8*(S*"A
(LIDA, #@BAAECcH, YEEIBH

W

/ r
l
r \ 14 \
. ——Alpha =0.1 l | (A) F) | l ’ () TT
400 J\ A &/' —— Alpha =0.3 T | P
200 _ﬂ Alpha =08

Period
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#H G("

(Smoothing) E¢ #, ) CLE

gcEBE(Eq#, ) LEH
(Simple Moving Average)G( #* & DBt ¢ & GD
+#,*"3GO®) " FEK# EB A SKA) CGE@KPBs"A

Moving averages

= (LIDA, #@@#AKRY I D) #E
6 o 8
| 7
Q
P 6
Q
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#H G(" (

(Smoothing) Ec #, ) CL E
gcH#HpHBE(Eq#, )8 LEH

(Kernel Smoothing)B¢E§#, ) bL EH
+# , " AG@K(BCGD ) " d GIH"g(, "LLsy B ¢ * SD:G GAAK D & "(
PHJ , PAISAN)# SEBACE®CE ¢* A

- (w U (0 ®)

-
L
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Dimension Reduction
and Sample Selection
JELEe A#alc¢e¢" K
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yFEKD) #0 B E#HKU " * * ¢
(LTG DAL - &DGH # B QM # A BB 6/ (1" i(# KB e @l ¢) K#EIWR#Y
(cEDPCC&PF¢ ®BaaRedundancy # B ( dt(¢c K & B'E KardlevantData 6 Al E D& (G { BIAK)D & "

#HD?E*&8aE*GERIHOIEI ALt @" 8" HH#Hy Go&8'(e K'Y
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EK#Y G ( iy
JCLE¢c A#alc¢c" K (
(Feature Selection) §s | B&Ka ¢ "
(SGDE) LO(SH#Y HHE 1T GEAYHDKS A IE#DHs | ¢§KA, # 6D E VADradtA('* P&'K)
(LDGEaH | KDE("'LBK # IGce A HNGEAG#HAD L OEFTGGEMHIs i leGH# RD "0 ¥ YT"¢

T - H AGHGD\ | EHHcE ¥ Aa*-KE'I CODC+H#H , *ths 1 AKA) BIC# s

T, *&g")*0" RE,")2B(FaGY) "€, s | BKA) CKC# s
(#&¢ E#H +Py E")"¢0 galy D#G-081 8K# §a%u E"H&¢ E#G- HsGCOKEyaww (#CD E"

#@si1PEKWBAA-#£1, #16(DGRollinearity) g5 a HH. GK ) 2 i BBA | - BEARHA , s i BKA) CEL C#s

(*BplLOc@® ®¢8 i@k Be@hi#EDI "Reigic”
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JELEe A#alc¢" K (

(Feature Selection) g s 1 &#&Ka G "
T g EFH( e KFH) M peRWABAS A#) *dhs 1 BKa) €) HA#S

*IT AGA i ®CA JI - A )y #y L1 i

Filter Method Wrapper Method Embedded Method
Featureselection

Feature selection Feature selection
Featuresubset [<
> \]/ Classification
Classification o e oo
Classification ) ®C@" K 1 "&DH
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Input
Variable

Numerical

Output
Variable

— _\

Numerical

Categorical

Categorical

Output

Variable

EK#Y

JCLEC

G ( g

A#alc¢c" K (

(Feature Selection) g s 1 &#&Ka G "

(Filter Method)* | A &Ao

(Statistical Method)E ) #BHKY #ACIi AD

[ ———

Numerical

Categorical

N

N/

Pearson's

Spearman's

ANOVA

Kendall's

Chi-Squared

CGACHDSLEVBrad @B Ci -y AHAPS | &K ®YW GA) /Y L3 # AA) KDE"Q K™ b & K)

(c'H0s KiB#Hs | & K
EL8#C¢
@Kyl # Agst@m,
Ago3#Ce¢
®CGYEB %G (§t(c RPpAD
(LHIEG, )#Bs i B A#CbD* D"
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Gain(T.X) = Entropv(T)— Entropy(T. X)

Play Galf
Yes Mo
9 5
Entropy(PlayGolf) = Entropy (5,9)
= Entropy (0.36, 0.64)
=-{0.36 log, 0.36) - (0.64 log, 0.64)
=0.94

g :Eg“?r: 8 8 B .

Entropy =-p log,p — q log,q

L] L] os
4]

G{PlayGolf, Qutlook) = E(PlayGolf) — E{PlayGolf, Outlook)

= 0.940 — 0.693 = 0.247

Entropy = -0.5 log,0.5 - 0.5 log,0.5=1

EK#Y G o

JELEe A#alc¢" K (

(Feature Selection) g s 1 &#&Ka G "

(Filter Method)* | A &Ao
(Statistical Method)E ) #BHKY #ACIi AD
34, ) FHEFHAHT t & (

Entropy)§ EK2B &0

(nformation Gaing1 # &SP 2 ®# 1 o
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JELEe A#alc¢" K (

(Feature Selection) g s 1 &#&Ka G "
(Filter Method)* | A&AO

| GEE* G5@RI"§ B AG-H"FA R IKGEB®CAKNA, #& 0 KA t € pPFK)eEEHHRCI AD

Sex

Pclass
Fare

Age
nCabins
Embarked
SibSp
AgeGroup
FareRange

Parch

Feature Importance Metric

4.5

) (

(LYJDC#YEG! # BBAGK HEPs 1 *HK
1 G, #B%GA&I
(LD A, #&B" ¢@B | BEEK?) ®Da ##AK"A %*(D
E#5Q" dGIB #45DY 4 % Bs i g & A%*HD E, K
(LIO) BetBKGEH" &G @R@BOEU
#HA gs1 e KEBDGK BIAZI DA* Pgsigée K *EFGCPHI I b A
(LT gD ?*i CHH#C@BD"6t, 244 A?®D T a#,
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JCLE¢c A#alc¢c" K (

(Feature Selection) §s 1 &#Ka G "

(Wrapper Method)® QA -i A) o
Dé * i#ll B*p AEBRZD("K¥ Hlsi ¢Ka AIE#BIS L EYHKR)EPGEARE ( #H &' @Ai# #AK)D& "
®CyDA# & 1B("KEH#Hs i1 LEYD* & ¢

Wrapper Feature Selection Method

P e mm e mm mm mm mm mm mm Em = =

1
| :
I
All Features Subset of Features g g ML Algorithm
1
: : )y ®C @" KA [ "&DH¢
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(Feature Selection) §s 1 &#Ka G "

(Wrapper Method)® QA -i A) o
ELE E#pce *&#H( #PBEKDHs | AKA) E¢ A CEIGAA#C
#H gsi eK DGA BA#CdD *P" K gti-AEH §,) *A
*PLD E#H gsi &K og" JCGI A ("®91 DGGII
gsl ek o ( Forward Selection( * b &K)
e & Backward Elimination ( * p éoK)
A90 E#p¢C

*AGA i K) JA TA-¢ *ia GA
JeM CGE ?®D ¢" G(#al, "o TA8 JA i¢"*A 8GA ®91-D

EK#Y G(
A# &l ¢c"

JCLEC

&ep—wgs[t)e Sgelseg)t'ctg @gdirectional Elimination) ( * p éoK)

) @ C@" K& [ "&DH ¢
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JCLE¢ A#alc¢c" K (

(Feature Selection) §s 1 &#Ka G "

o Hill- climbing (Greedy stepwise) XK ¢ R

o Bestfirst search (Wrapper Method)® UA - &) o
o Genetic Algorithm SearchE#HI & G ®ad , "
o Ant Colony

o é

Full feature set

) @ C@" K& [ "&DH ¢
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sops

Ot

o Hill- climbing (Greedy stepwise)
0 Best-first search

0 Genetic Algorithm

o Ant Colony

0 é

. Let v « 1nitial state.

Expand v: apply all operators to v, giving v’s children.

Apply the evaluation function f to each child w of .

. Let v/ = the child w with highest evaluation f(w).
. If f(¥') > f(v) then v « v'; goto 2.

Return v.

EK#Y  G( g
JCLE¢c A#alc¢c" K (

(Feature Selection) §s 1 &#Ka G "

(Wrapper Method)® QA -i A) o
SearchE#HI & G ®ad , "

—— Empty feature subset

Full feature set
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Start with a model with no variables

Null Model

auans

Add the most significant variable

Model with 1 variable

o L]

Keep adding the most significant variable until reaching

the stopping rule or running out of variables

oo 0

EK#Y  G( g
JELEe A#alc¢" K (

(Feature Selection) g s 1 B#&Ka 1CC "
(Wrapper Method)® QA - K) o

Forward Selection( * p éK)

(LgDIi A*9ctlgs i €¢B" @p RS @D ®E A* PEK) o

(L D?®D)y BRHRAGA# ADO*I EGCH's( ERIGH)s( E, o
(LODgA#e@pPGa Gy A A

2D A3H#AIPCKIs |1 DE* zI?AST PKOIF 1J EA®IGH)s( 0
(LDDg,)?BDGaEBRUA#0O"

(KREGRCH#EGHs ABKAI LA C(C#AIB * # K IC#B & "o
®AHBI D"#(§'s)1 EKEI
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Start with a model that contains all the
variables

Full Model

Remove the least significant variable
|
Model with 4 variables

EEEE
X X2 Xz
NN

Keep removing the least significant variable until
reaching the stopping rule or running out of variables

e

Model with 3 variables

D |
X2 X3
N o

EK#Yy G( |

JELEe A#alc¢" K (

(Feature Selection) g s 1 B#&Ka 1CC "
(Wrapper Method)® QA - K) o

Backward Elimination ( * p éoK)
(LEDII A*=c@tldsi EXBD#IGRRRD®E A* D&K(| o

K(LGDYya% @®HRAGA # ADd * IEE'Y)g's(i ERIGH#s( E, o
(LDDgA#e@pPGaGH#YE ( LA¢(#C9D

T GaGRyaweD23#A+gCKis OE* | alE®9G# s (0

(LHDg,)?a&D

UK* A& GRC#EBGHE ABKAIOVA (#AXIB * B IC#B& "o
®AHBI D"#(§'si EKEI]
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JCLE¢ A#alc¢c" K (

(Feature Selection) g s 1 B#&Ka 1CC "
(Wrapper Method)® QA - K) o

Step-wise Selection (Bidirectional Elimination) ( * p éoK)

JVE) LDER®ALGDG( #aBAC* pEKE®e * EXCHIA p DK

CKC#)SK(LDD?®D) Fokvard( * b & ) * Bs 1 § &z ? #)s(

(*@D) "d.6) t APDDE & 49% # pEackward( * pB &)+ #, * A

#1 GsciCe ®p UBHHA T (P E"E®e @Y1 aKCEH## W #Be "
®CHyD' @EB"®CTHIA "@OEDYyaAWBE" * ]

) @ C@" K& [ "&DH ¢
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JCLE¢E A#alc¢c" K (

(Feature Selection) §s 1 &#Ka G "

(Embedded Method)) # ¥ K) o
1, "GOTC#W@®Da#®Ce) @\ AKal K)D&) (
g, ) *ARZA-iAK)RCKBRLFD & #, #*LAGH#HBAI EDHs | KG( LA *z* [ IAIG®CCHENE"
?2@D®II ¢"3BA*DPDEBBsI ¢ KCGl "ACDGGCER®OCHFDE * Gs £ WU g1 ¢ KeeFAH) #)C§E Hsi & K
®CYDE* Gse aY

0 lasso regression or L1 regularization €4 E#H gsi &K ("®91 K O#A (#9A" #A E
o ridge regression or L2 regularization (LT GlrseModels) g Cl - Edla@yb JA = YCD
o elastic nets or L1/L2 regularization ExGs(#8 +)Ly JiA*T GE OW#AD ) ( &¢ E#H

(LT gD G("( o7TLE DGi #D
) ®C @" KA [ "&DH ¢
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(Feature Extraction) §s 1 @'K* 4C, "

G(TI#EET pDLGPMIB(EQIAEH ZA COBIS ) g6 £ # HGY ¢ # ¥AJs UEKE#HGCD
®1 # BEKE( YA ICHCREGDD | aB##s | BIKE )z I B

Feature
Extraction

Linear Non-Linear

KT GHA* GGIOA8 A

X AAZ') Gals 1 B&( # CD
z*81lc" CLEBAg#- D
JAygAg#-a?2 #Ct G,
®c¢)E'ceGaE*® aE* G- al
(L§DG(#al,™"

Unsupervised Supervised

Linear Non-Linear

)y ®C @" KA [ "&DH¢
LDAPLSX Kernel LDAX daychegroup @
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PCAJCAX Kernel PCAX
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JELEe¢ A#al ¢
(Feature Extraction) §s i @'"K* a C, "

(Principle Component Analysis)§ A % Ha @LGA & |
Dé* [Jsh)eld *PAGgEE 11 6Ht DAG(IY , ®D#95 B e @Ho #AY * )9@A(E'# H BL@&D

~

JGE"Y A4 BGEGY "§//1 1 ADOBDKKY) Ac # D" KDsODKE# 1] A DCEKAIB(." ¢ #6) " K

ALry
O
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C=wy(X;) + wy(X;y) + wi(X;) + wa(Xs)




EK#Y

JCLEC

G ( Ny
A#alc¢c" K (

(Feature Extraction) §s i @'K* a C, "

(Principle Component Analysis)§ A €% Ha @LGA & |
g AE%#Ha @AD B&dD * D
@Z-Score)# B(Eq#- @ D* ¢

Original data Z-Score calculation Scaled data

X Y X Y X Y

2 3 (2-5)/1.633 | (3-6)/1.826 -1.837 -1.643

4 5 (4-5)/1.633 | (5-6)/1.826 -0.612 -0.548

6 & (6-5)/1.633 | (5-6)/1.826 - 0.612 -0.548

. (6-5)/1.633 | (7-6)/ 1.826 0.612 0.548

. (7-5)/1.633 | (8-6)/ 1.826 1.225 1.095
(5-5)/1.633 | (8-6)/ 1.826 0 1.095

5 8
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EK#Y  G( g
JELEe A#alc¢" K (

As we know after Z scaling, the mean of X and Y becomes 0,i.e.X = 0,Y=0

So, the covariance formula becomes: (Feature EX[I’aCtIOn) g S \| @ "K* é t; . "
T KR -X) X X? .. C A < _ A N
Cov(XX) = — == (Principle Component Analysis)§ A &% Ha @LIA & |
= ((-1.837)* + (-0.612)*+(0.612)*+(0.612)*+(1.225)*+ 0) /5 g A EH Ha @lAD B&* D
=1.2

0. c#¢&) BKLURD # &D

YYD - _ YL Y

Cov(¥y,Y) = n—1 n—1

= ((-1.643)* + (-0.548)* + (-0.548)*+(0.548)*+(1.095)* + (1.095)*) /5

1o Weknow, Cov(Y,X) =Cov(X)Y)
We know covariance matrix of X, Y is
: . [Cov(X,X) Cov(X,Y)
Cov(XY) = E?=:L{Xi -X)(Y; - Y) _ T XY Covariance Matrix = [ Cov(Y.X) Cov(Y.Y)
nt n _[12 0939
= ((-1.837)(-1.643) + (-0.612)(-0.548) + (0.612)(-0.548) + (0.612)( 0.548) + 0939 1.2

(1.225)(1.095) + 0)/5
) ®C @" KA | "&DH ¢
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(Feature Extraction) s i @'"K* 4 C, "
¢ G Dx AAGH# AD*E) K& D

T

e’
-1
LA e o] ] O _POm
- vV, V, 0o A O v, vV, V.
1o o 2l | |
I. .l | .I l.. ..|
- — S '
Eigen vect Eig I Eigen vect
of of of AR et e
A

A Ol oD

0 o o e Y ag
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JCLEC¢ A#alc¢-

(Feature Extraction) §s i @'K* a C, "

(Principle Component Analysis)§ A % Ha @LGA & |
if A is the Eigen value of given matrix A then .
|A-AI|=0 g AE%#Ha @AD B&dD * D
@ _On.c#eé) eKLydD 2XKIACE &D

Now, the Eigen value of our covariance matrix will be

0. 939 1 0. 939
A-AL= [0 939 ] }‘[0 [0 939 ] - [
_[12-1 0939
0939 1.2-A
Solving for Awe getA = 2.139and A = 0.261
5o 122 0.939| ~0
"10939 12-A So, two Eigen values are 2.139 and 0.261

= (1.2-2)(1.2-21) — (0.939) x (0.939)=0

=144 -(2X12)A+2*-0.8817=0
) ®C @" K& | "&DH ¢
=>2A*-2471+05583=0 daychegroup @
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JELEe A#alc¢" K (

(Feature Extraction) §s 1 @'K* 4C, "

(Principle Component Analysis)§ A % Ha @LGA & |
g AE%#Ha @AD B&dD * D
~10939¢ + 1.2f]~ [2.139F FAl CDRK(AHGHG " X(gUATA) EA#E * D4
So, using 1strow, 1.2e + 0.939f = 2.139e ©U _)WEA| GDRK(#HACBWGIDEKH)Y A( #&D
= 0.939f = 0.939¢

we know, Av = Av. Considering [?] as the Eigen vector,

[0}559 0.339] [?] = 2'13%[?‘]

12e + {}.939f] 2.1399]

et Using Pythagoras theorem, distance = /1?> + 1% = /2
e =

or using 2nd row, 0.939%¢ + 1.2f =2.139f > e =f Now if we divide the vector, represented as matrix [ 1 ] by V2, its length will

Here the ratio is important, hence we can consider a vector (1, 1) which segpmerladye e audesivey Blpsmeestay

corresponds to (g, f). i siiedion — [ 1/V2 _ [0.7071
12| Lo7071

For the vector to be Eigen vector the length of the vector should be 1.

Let's find the length of (1, 1), which is nothing but distance of the point (0, 0) and ) ®C @ KA [ "&DH ¢
(1,1) in two-dimensional space. daychegroup @

daychegroup @
aSuls 09,5 | dayche.com




Ex

Scaled data

X Y
-1.837 -1.643
-0.612 -0.548
0.612 -0.548
0.612 0.548
1.225 1.095

0 1.095

C = wy(Xy) + w,(X;) + wi(X3) + wy(Xs)

EK#Y  G( g
kO

JELEe A#al ¢

(Feature Extraction) §s 1 @'K* 4C, "

(Principle Component Analysis)§ A % Ha @LGA & |
g AE%#Ha @AD B&dD * D
gAO" Ja@LD )B(*A *
(Transpose of Eigen vector) X (Featurevector) J 5 A")  #

0.?071]?" —1.837]
0.7071 —1.643
—1.837 Projected
= 10.7071 0.7071
[ ] —1.643] Data
= 0.7071 X (-1.837) + 0.7071 X (-1.643) -2.461
-0.820
=-(1.2989 +1.1617) 0.046
— .2 461 0.820 )
) ®C@" K& [ "&DH ¢

Hmce,[_l'gg?] isprojectedto = —2.461 (1}222 daychegroup @

—1.643 . daychegroup

oSl 6g,S | dayche.com



EK#Y G “

JCLEC¢ A#alc¢-

(Feature Extraction) §s i @'K* & C,
(Principle Component Analysis)§ A €% Ha @LGA & |
gAEHHA @IGRA GO * A
1, 'G(#8RAHEE#G(E"#IAKIDE
OB @t | - KEHDHB(DGA

(cl) 13 principal component (e) 17 principal component {f) 21 principal component

gA(E'#J-la @@MGO L1a

AN ~ A A

(g) 25 principal component (h) 29 principal component ® @/[2 a | [B ®D G G9|| L) K# B( n (( # @ $ ) K A

(LD #YéreE NYKIRURE # 8 D4&™ [da@RHE®] # E#Ha @a D
(LHEDGEé#Ba@PEI®CI I H- ARRD#HO®D# ¥8Ha @b D

) ®C @" Ka | "&DH ¢

daychegroup @
daychegroup
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EK#Y G i

JCLE¢c A#alc¢c" K (

(Feature Extraction) §s i @'K* a C, "
PCAi K E #1H& ( K @& D

qGpal zG®t (#YW )( §g5a *Gu 3#AI :&¢Ll A*A (LUK Ay*1 +#," *A #
C#Yc" yYy®H ®AGA *Ny" ®% ga% &# ZE(K)K E#H §s JA *YCD z#H §s

) ( ?Pia" ¢&#pD (LUK *{puULy (# BE6I #H Ja@LD BA#¢* Gu K G®GU(
()" ( E*e&&4aE q ()" ®c¢ (LT Q§E¢ (LT gD *G- a

Solution: Solution: Solution: Solution:

LDA Kernel PCA ICA Rotation

) ®C @" KA I "&DH ¢
daychegroup @
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Xtem Component

1 2 3 4
SAS16 0832
SAS1S O.735
SAS17 0. 694 O0.362
SAS12 O_G683 O0._326
SAS11 0.670
SAS10 0.695 0319
SAS7T O.684 O_304
SAS9 O0.630 O.388
SASS 0.615
SAS13 o478 0.312
SAS14a o472 O 413
SASG6 O0.390 0. 465 o412
SAS3 O._750
SAS1 O0.655
SASa O0.641
SAS> O_608
SASS 0.490 O_569
SAS19 O_320 O.687
SAS20 O. 664
SAS1IS O0_598
Extraction Method: Principal Component AnaIySIS
Rotation method: Vvarimax with Kaiser normaliza tion

They both are loaded
moderately by two
independent factors

Vi F
They both are loaded
\ by one factor

V2

EK#Y G N

JCLEC¢ A#alc¢-

(Feature Extraction) § s 1 @"K* &4 C,

«|

(Rotated PCA § A E'%# Ha @LEDN8A * W
#Ba@5BEGY) ¢ Hs i @EgK" §gDE# 11 BHH) ARDE A
17T "§5&#Ha @ED [ H*As*al- Gd DA&CK( * (GG |

PCA) PEEHSHA* B" LcC"
Varimaxé a * Uo
#Ja @IEDY Qik® QyDl CGiAGS | ®Bgrke (DD # &) " K
(LGDG("GOEI BP#Gs igHIEY " ®9I
Quartimaxd a * Uo
®@Q@YIF y'9s i KGO ETCHO# H) (T ®GIMKG b8 A (eg ka i eone

daychegroup @
daychegroup
oSl 6g,S | dayche.com



EK#Y G ( g

JELEe A#alc¢" K (

(Feature Extraction) §s i @'K* a C, "

(Independent Component Analysis)BCi EBHa @LTA & |
Jy E)(I*4AcBEH 11 6Ht DAG(IW , " ®D#9 &b Be @ego#Ad *PBCI EBH BLH@AKXKD

o o,
o o .
o 9 P 2
¢ PCA

ICA

®CIF#HABCI zBOHm YB E#AGY * |

qGp a1 LBD#M# C) &e21Gai ®CB ¢ BED #)56 A
E#| , KLAECH ,JWKJI LB#1 AAAA&EB H" ®0
gsi @K aH" ICAi K)cG( #aZi( je g#GEBTCI - D

1 -HAE #CD

) ®C @" KA I "&DH ¢
daychegroup @
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EK#Y  G( g
JCLE¢E A#alc¢c" K (
(Feature Extraction) §s i @'"K* a C, "

Kernel PCA§ 5 & GA E% Ha @BLEA & |
& # KBTOH" LRI )a#POA( * pABIB I BKEAF | D* 5 CHARHA *#gs | BEH# ANHI™) L0
(DGR | pUEPAC#8 ) BICBLGI GA

JAS&* GU E#H G(BA* J TBg®@A I gpHrL "
®&E®U E#6A ) ( g5a 3#Al)" E)"*
Kernels Formula
: f U | linear klz,y) = z.y
| N\ sigmoid k(z,y) = tanh{az.y + b)

polynomial k(z,y) = (1+ z.y)*
RBF k(z,y) = exp(—allz —y||?)| ) ece raiwo
exponential RBF| k(z,y) = exp(—al|lz — y||) daychegroup @)

daychegroup @
oSl 6g,S | dayche.com




EK#yYy G( |

JCLE¢ A#alic¢" K (

(Feature Extraction) §s i @'"K* a C, "
Kernel PCA (Kernel PCA§ 5 & GHIA E Ha @LEDA S|

7L CH# EHEG(E# 695 & CUOA) KYE* t BIfi D

1 & _13 o . R
Cov =~ ) 2T, Cov= 5 Zl.‘i’(xf)”ﬁ(xi) CTPLO®&EPCAI K1 )#EaHERBS Ay, D&") "
i=1 = L e - — - A e
* DE@GDAB(1"1(#) ¢V GHABAM- UF H90 K
l j P 1 O8#HN Qi KGREK# &i#D , #HA# B ( E¢ #£,# - HEA
RS Lok Al (o . . ,
il (LE®GH# | @DPAHESY
S JAS@* Gu E#H G(B(* Vi T BG@AIE @pH
®8®U E#60A ) ( §g5a 3#Al)" E)
PC1, linear PCA .. PC1,kernel PCA
O & W B b S St o ) ®C @" KA | "&DH ¢

daychegroup @
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Feature 2

’

>
Feature 1

EK#Y G ( g

JELEe A#alc¢" K (

(Feature Extraction) §s i @'K* a C, "
(Linear Discriminative Analysis)§ 5 & & GE®A& |
i K)PCAi K)y Par KG( E A##E* Gs7(LEEDAT K)
#IER¥IG(T T #I§RHE DC# YE 1 YU ®OAHH Y
RELEYDEH| DPGA* ea@Eh DB * | 7 GA

(LT gD GC*AACHECRBEIG ¢iK) D&"

#H gsi 8K DGA g5a * Gi
JAS&* GuU E#H G(BJ* Jl 1Ba&@AIB@EHHI)I"
®8®U E#6A )( @§g5a 3#Al)" E)"*¢&
) @ C@" K& [ "&DH ¢
daychegroup @
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EK#Yy G( ]

JCLE¢ A#alc¢c" K (

(Sampling) E* @< LE ¢

ZGEHH(QEYRBLEYADrahce ' * Al , #B( O H#E" I GERRYH) A K)q EE* Gt LEC
REHEBEVEEYN(AB(CHA, BOLBE# EC

Population : I
ample
e #RA1 & )EL t+@"1®B~A |, 0
4’ I

= \ i 'ﬁ * /' P 3, . x P

S *| gy#A; A&ABG¢

) " (K§GEEDX HE & E

sampling ) ®C @" KA | "8&DH ¢
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EK#Y  G( g

JELE¢ A#alc" K (

(Sampling) E* @< LE ¢
(*FG- GAYIl KOA"aD)c ABARES o+ A

JEGLE¢C A# JELEe A#

E)"at&#0 E)"até#U

A#gé ¢ JcdEK *H | @#% Dée" ))#HA g&8cBEA *H | @#% Deée" ) (
()Y"( A#alc¢c" . c¢c#1 ()y"( A#alc¢c" . c¢c#1

) ®C @" K4 [ "&DH
daychegroup @
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EK#Yy G N

JCLEC¢ A#alc¢-

(Sampling) E* @< LE ¢
(*FG- GAYI KOA" aDE* O EBHK)

Methods

p
Sampling n X e o .
d@# EF @K LEC

®IC- H AR# &% £ EE %Y 0)DE WU AHC I( E pLEEKY
gALAIET CIABAE I AL & #( * pEsRG @G EJHA

/;rsﬂbﬂb:!itv N / Non. Probability N I, " )Y9@s ®CRHELU
AmPng Sampling @t ERW G LE G
1. Simple Random 1. Convenience ) Aﬂ’#éﬂ?@f'EE'%)Z"J@D{(Ul UE®Bi¢ L(E“daé()‘)(
2. Systematic 2 Quota I GAAg LEY cIABGAIJAY®DYDILODEKz ®CI - H
3. Stratified 3. Judgement ®7 A1 § BIEF eRGEE9 |
4. Cluster 4. Snowball
) ®C @" K& i "&DH ¢
\\ / A / daychegroup @
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aSuls 09,5 | dayche.com




EK#Y G ( g

JCLE¢ A#alc¢c" K (

(Sampling) E* @< LE ¢
G(8A(E#rIGEL LEC

Simple random sample

CRIAATICA"cH#HE D¢ ICBEG@OA( EFIGT DEC
®TAgCFY) # GHA ARA) @ AsH#'&H AKBD) " (

V(#IMAEAE s (CK@FEL 68 5 ¢D Gof GH" La¥N D5 A
#1GQ#HR GA@8y A ( Arla® 6 @I HIDB@E C UKE ") *" A

i ﬁ
i ﬁ @ ﬁ ﬁ @ o
) @ C@" K& [ "&DH ¢
daychegroup @
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EK#Yy G( “

JCLEC¢ A#al ¢’

(Sampling) E* @< LE ¢
qGl #EE* @ LEC

Systematic sample

//\'/’A\‘ JEAGH"KE&A GH&VO ") 9 DHAE # He IBE(C" ®@SI"

- - = - G) #ERi AGASYD &) ¢ F GG E & ¢ LEEC" ®91
T ﬁ w w w qeC™Q( ) Gy #RIK") Gy YCEIHKR G@ *"BH( ) L\

g D#6] A0 H A#sAE, K(LA#a§A( HLILEC
P " @ B é Ga BEFH() L

~

.0
Q +
€

) @ C@" K& [ "&DH ¢
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EK#Y G N

JCLEC¢ A#alc¢

(Sampling) E* @< LE ¢
EJCEK4 QL LEC

DFG- QICASK®EVAIDBW B'CA4 G DEC
WRKDE"CGCCR) EPMHa#FGHDI(p & )L5 A
HzBE'Chk4 Gt ISEE " H([De " DC#EDE K# 4|
( (#BAH K)+#, * A ¢ #sE)RQUIACA 4
(LYDE) "J(crlgfesd # EN - C

ZzC#DEE" ®QRIE ¢ énﬁ)a'é#)ma #19, ) E2? #ANDS A
g[I:#R’#D@%#IIC/& €H# " (Ké%l@)*eA( ARIAT ¢
(LT
) ®C @" Ka | "&DH
daychegroup @
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