593 031
data Mining

Ol g (oMt 31T olKS19
-0 Jo! Jv o




VIO (P yR0
. > gl e
o= ' ad ol aplie 5 4ol X
shmdiSe@gmail.com.. .., .o
b osls guw a2db .U

L!

b osls gy adg> Jb
‘5éﬁ)\s C:.O'L:A .HD

. uﬂ)é C.'vﬁ
Data Mining: Concepts and Techniques, Third Edition
Authors: Jiawei Han, Micheline Kamber

Publisher: Morgan Kaufmann Publishers

N .
> P4 LIP3

DAI A MINING R

L s o Sl gud 0 palid 41,0 -

I M( Jizweei Han
e




2ol oolo 1 >

St S g 659) e Jlm s enls (g3 ,lke ®

Ll o 501550 5 5 8 b JapelS ©
Bl okl 5 v g0 gla ol o



fgb oolo | >

Lgd (o00,55 5 5o9) gz 5L (A o pm blaosls
(456 s b KS)

Ko oslatal B s osls pl (gl p eu B SlgSST
148 dade O] Oldieidls 4 (g olS osls @




The world is data rich but information poor
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\The Data Gap

Total new disk (TB) since 1995 X\
/ \

/ Number of

L analysts |

1995 1996 1997 1998 1999




disks

		

				Units		Capacity PBs

		1995		89,054		104.8

		1996		105,686		183.9

		1997		129,281		343.63

		1998		143,649		724.36

		1999		165,857		1394.6

		2000		187,835		2553.7

		2001		212,800		4641

		2002		239,138		8119

		2003		268,227		13027

		1995		104.8

		1996		183.9

		1997		343.63

		1998		724.36

		1999		1394.6

		2000		2553.7

		2001		4641

		2002		8119

		2003		13027
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chart data gap 2

		1995		1995

		1996		1996

		1997		1997

		1998		1998

		1999		1999



26535

105700

27229

333100

27245

758430

27309

1650400

25953

3377400



data gap

				Ph.D.		Petabytes		Terabytes		Total TBs		PBs

		1995				105.7		105700		105700		105.7

		1996				227.4		227400		333100		333.1

		1997				425.33		425330		758430		758.43

		1998				891.97		891970		1650400		1650.4

		1999				1727		1727000		3377400		3377.4

		2000				5792		5792000		9169400		9169.4

				1990		1991		1992		1993		1994		1995		1996		1997		1998		1999

		Science and engineering Ph.D.s, total		22,868		24,023		24,675		25,443		26,205		26,535		27,229		27,245		27,309		25,953

														105700		333100		758430		1650400		3377400

														105700		333100		758430		1650400		3377400
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Task-relevant D
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Data Warehouse t
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Data Cleaning !
%5{; Integration :
‘\4. ............................................................... 4

Databases

L o5l g5LS, (Data Cleaning)
L osls 55l 4> ,LS (Data Integration)
la o315 sl (Data Selection)

L osls s (Data Transformation)
s\ o3> (Data Mining)

&I L5, (Pattern Evaluation)

o=l &1, (knowledge Representation)

¢ o FHEEX
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Data integration Pattern discovery Pattern evaluation
Normalization Association & correlation Pattern selection
Feature selection Classification Pattern interpretation

Dimension reduction Clusf[erlng . Pattern visualization
Outlier analysis

This is a view from typical machine learning and statistics communities e

Databases
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Database-oriented data sets and applications
Relational database, data warehouse, transactional database
Advanced data sets and advanced applications
Data streams and sensor data
Time-series data, sequence data (incl. bio-sequences)
Structure data, graphs, social networks and multi-linked data
Object-relational databases
Multimedia database
Text databases
The World-Wide Web
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Frequent patterns (or frequent itemsets)

e What items are frequently purchased together in your Walmart? MW;@)?

e Association, correlation vs. causality

e A typical association rule

 Bread—> Milk [0.5%, 75%] (support, confidence)

e Are strongly associated items also strongly correlated?

e How to mine such patterns and rules efficiently in
large datasets?

* How to use such patterns for classification, clustering,
and other applications?
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e Classification and label prediction ,W;:gﬁ

e Construct models (functions) based on some training examples
e Describe and distinguish classes or concepts for future prediction
e E.g., classify countries based on (climate), or classify cars based on (gas mileage)
* Predict some unknown class labels
e Typical methods

e Decision trees, naive Bayesian classification, support vector machines, neural
networks, rule-based classification, pattern-based classification, logistic regression,

e Typical applications:

e Credit card fraud detection, classifying stars, diseases, web-pages, ...
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Unsupervised learning (i.e., Class label is unknown)

Group data to form new categories (i.e., clusters), e.g., cluster houses to find distribution
patterns

Principle: Maximizing intra-class similarity & minimizing interclass similarity

Many methods and applications
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Web page analysis: from web page classification, clustering to PageRank &
HITS algorithms

Collaborative analysis & recommender systems
Basket data analysis to targeted marketing

Biological and medical data analysis: classification, cluster analysis
(microarray data analysis), biological sequence analysis, biological network
analysis
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Mining frequent patterns; Association and Correlation:
Basic concepts and methods
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Confidence(A = B) = P(B|A)

Support(AU B) Support_count(AU B)

Confid A=B) =
onfidence(A = B) Support(A) Support_count(A)
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10 Bread, Nuts, Butter

20 Bread, Coffee, Butter, Eggs
30 Bread, Butter, Eggs

40 Nuts, Eggs, Milk

50 Nuts, Coffee, Butter, Eggs, Milk

S P
asb 700l SUPPOIT Hlaae 310>
a3 70 4l confidence,sas |5la>
Frequent Patterns:

Bread:3, Nuts:3, Butter:4, Egg:4
(Bread, Butter):3

Association Rule:
Bread=Butter (60%,100%)

Butter=Bread (60%,75%)
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Closed frequent itemset .B

Maximal frequent itemset .r



Closed Frequent Itemset
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Maximal Frequent Itemset

Maxima frequent |, X | ltemset 'S o315 40 gozs & 531 s 25 @
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Maximal vs Closed Frequent ltemsets
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Itemset | sup
Database TDB (A} SR | .
S T C, (B) L, {A} 2
1 | ACD () 3 {E'} :
0 | Bce | 1%scan : {E} :
30 | A BCE {E} 3 {E}
40 B, E
. . C; [Ttemset
5 | Itemset | sup 2T sean {A, B}
{AC} | 2 oEEE {A O
B, Cy | 2 | .
G I o =
{C, E} 2 ’ ’
{C, E} (B, E}
{C, E}
C,| Itemset | 3rd goqn Lz | 1EemSet | sup
{B.GE | . (8,C.E} | 2

Min Sup =2



TID List of item_IDs
T100 11,12, I5

T200 12,14

T300 12,13

T400 I1,12,14

T500 11,13

T600 12,13

T700 11,13

T800 I1, 12,13, 15
T900 11,12, 13

YJbo

C L,
Scan D for Itemset | Sup. count | Compare Caﬂdid?tﬂ Itemset | Sup. count
count of each {11} 6 support count with (11) 6
candidate {12} 7 minimum support (12} 7
» (I3} 6 count {13} 6
{14} 2 > {14} 2
{15} 2 {15} 2
Generate C, ) _ L,
candidates [temset Itemset | Sup. count | Compare candidate | Itemset | Sup. count
Scan D for ith
from L, {IL, 2} | count of each | {11, 12} 4 support count with | {17, ]2} 4
—» |{I1, 13} candidate {11, I3} 4 minimum support | 1], 13} 4
{11, 14} » [{11,14} I count {I1, 15} 2
{11, 15} {I1, 15} 2 » |112,13}) 4
{12, 13} {12, 13} -+ {12, 14} 2
{12, 14} {12, 14} 2 {12, 15} 2
{12, 15} {12, 15} 2
{13, 14} {13, 14} 0
{13, 15} {13, 15} |
{14, 15} {14, 15} 0
C Cy Compare candidate L,
Generate C3| Itemset Scan D for Itemset |Sup. count .“.th[][)0[‘_[ Qnunl Itemset |Sup. count
candidates [{I1,12, I3}|count of each [{I1, 12, I3} 2 with minimum 17377 a7 2
from L, candidate support count
— {1 12, IS} | ——— > |{11, 12, I5} 2 » {11, 12, 15} 2
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D5 A5,k el A g sl U= {ILIZ)I5} 1,5 5 680 sl dle Ol g w @

1,12} = 15,
1,15} = 12,
(12,15} = 11,
1 = {12,15},
12 = (11,15},
15 = {I1,12},

{]
[

confidence = 2 /4 = 50%
confidence = 2/2 = 100%
confidence = 2/2 = 100%
confidence = 2/6 = 33%
confidence = 2/7 = 29%
confidence = 2/2 = 100%

ﬂﬁwyb&ﬁ‘ WYY il min_sup=70% ASLSSJM BTN
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TID List of item_IDs
T100 11,12, I5

T200 12,14

1300 12,13

T400 11,12, 14

1500 I1, 13

T600 12,13

T700 I1, 13

1800 11,12, 13,15
1900 11,12, 13

Create hash table H,
using hash function
h(x, v)=((order of x) X 10
+ (order of v)) mod 7

>

Jbo

h(I1,I14) =(1x10+4)mod7 =0

ey

!

bucket addleas. 1 3
bucket count 2 2 2 4 4
bucket contents ||{I1, I4}|{I1, IS}[{12, I3} ({12, 4} ({12, IS}|{I1, 12} {11, 13}
I3 IS, IS {12, I3} {12, 14} {12, IS} {11, I2}|{I1, I3}
{12, 13} (1T, 12} {11, 13}
{12, 13} (I1, 12} {11, 13}
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TID List of item_IDs
T100 I1, 12, I5

1200 12,14

1300 12,13

1400 11,12, 14

1500 I1, 13

T600 12,13

1700 I1, 13

T800 1,12, 13,15
T900 I1, 12,13

FP-Tree & 4o ol

Support
temID '™ Node-link
\A | * | ‘;,
{7 -
16 | —-f------=""
Bi6 1 -~
412 .
1572 -pe-

[1:2




TID List of item_IDs
T100 I1, 12, I5

1200 12,14

1300 12,13

1400 11,12, 14

1500 I1, 13

T600 12,13

1700 I1, 13

T800 1,12, 13,15
T900 I1, 12,13

FP-Tree c& yo colw

Node-link

null{ }

Support
temD O™
A Y Kk
v
I1{6 | --
136 |
1412 |
5. 12 || =




TID List of item_IDs
T100 I1, 12, I5

1200 12,14

1300 12,13

1400 11,12, 14

1500 I1, 13

T600 12,13

1700 I1, 13

T800 1,12, 13,15
T900 I1, 12,13

FP-Tree <& 4o el

Support

temD O™
A Y Kk
BT -

I1}6 |

136 |

1412 |

5. |2 |

null{ }

Node-link

[4:1




TID List of item_IDs
T100 1,12, I5

T200 D14

T300 0

T400 11,12, 14

T500 11,13

T600 12,13

1700 11,13

T800 1,12, 13, 15
T900 I1,12,13

FP-Tree & 4o ol

Support
ltem ID CD?m Node-link
uA | * | ‘:, L
12 ' 7 i B
1|6 | ~-f-------""
316 ;
14 : 2 i [5:1
50 D2 | e

null{ }




FP-Tree c& 4o colu

TID List of item_IDs
. TNENE null{ }
T200 12, 14 Support %
T300 12, 13 temID °"™  Node-link |
T400 11,12, 14 5 : -
T500 11,13 AV K J
T600 2, I3 27 T [4:1
T700 11,13 In'e6 | |
T800 11,12,13,15 316 |
T900 11,12, 13 42 |

B3 s

| | l“]‘l




FP-Tree c& 4o colu

TID List of item_IDs
- TRENE null{ }
T200 12, 14 Support i
T300 12, 13 temID °'™  Node-link '
T400 11,12, 14 5 | .
T500 11,13 AV K J
T600 12,13 2T =77
T700 11,13 In'e6 |
T800 11,12,13,15 316 ]
T900 I1,12, 13 442 |

15 {2 | epe

| | l“]‘l




FP-Tree c& 4o colu

TID List of item_IDs
- TRENE null{ }
T200 12, 14 Support i
T300 12, 13 temID °'™  Node-link '
T400 11,12, 14 5 | .
T500 11,13 AV K J
T600 12,13 2T =77
T700 11,13 In'e6 |
T800 11,12,13,15 316 ]
T900 I1,12, 13 442 |

15 {2 | epe

| | l“]‘l




FP-Tree <& 4o colu

TID List of item_IDs
T100 11,12, 15 nulEdl
T200 12,14 Support l’"‘
1300 12,13 ltemID  “°"™  Node-link ' [1:2
T400 11,12, 14 . | .
T500 1,13 A VY kK )
T600 12,13 [ T =ET
T700 11,13 mte !
T800 1,12, 13,15 I3 i 6 i

512 ! --}--

| |

14:1




FP-Tree c& 4o colu

TID List of item_IDs
T100 11, 12,15
T200 12, 14 Support &
T300 12, 13 ltemID '™  Node-link |
T400 11,12, 14 a | -
T500 11,13 AV K J
T600 12,13 BT s
T700 11,13 16 |
T800 1,12,13, 15 36 |
T900 11,12, 13 412 |

5 g ¥ eils

| | l“]‘l

I5:1




TID List of item_IDs
T100 I1, 12, I5

1200 12,14

1300 12,13

1400 11,12, 14

1500 I1, 13

T600 12,13

1700 I1, 13

T800 1,12, 13,15
T900 I1, 12,13

FP-Tree <& 4o colu

Node-link

Support

temm> O™
AV K
27} -

I1i6 |

1316 |

1412 |

5 {2 |

I5:1

null{ }

[1:2

14:1




Transaction

Data Set

ltems

{a,b}

{b,c.d}

{a,c,d,e}

{a,d,e}

{a,b,c}

{a,b,c,d}

{a}

{a,b,c}

{a,b,d}

— —
S|o|®(N|o| o~ win =5

{b,c.,e}

(s i) FP-Tree —> )é o>l

null

c:1

d:1
(i) After reading TID=1 (ii) After reading TID=2

null

(iii) After reading TID=3

(iv) After reading TID=10



ltem | Sup | Node-

Id Count | link

12 7

11 6

13 3]

14 2

15 2 .
31

)N Bl adg

o L2 @\n;z FP-Tree S5 Sy o J|J.§3'Jg: LSL“)Q‘ J-;Jﬁ -Y

IS5 sl S osly o FP-Tree cs )5 2sls'
S"’S & Joe o sshe ol 6l -g'uﬁ\-f. S s |
o2l 3115l g oS 0 g5 5 FP-Tree 55 g\ 5 51 ¢
=S oo S Cnl Bl ) LS S IS sl el e )5 &S

23,05 397 5 e 93 15 4 Oy (51 2 Do @
2: (1,1, I3, 1:1)

Conditional Pattern 1, (I, I, I5:1) 5 (I, I1:1) 5 awel oo (SUfFIX) oK1 5 gous 1, 5 Yl @

- &5 Base



NS gl odg

255 I5 4 b5 » Conditional Pattern Base |, (I, Iy, I5:1) 5 (I, I;:1)

il o0 <[312, 112> s ol o5 oK (w25 A 55 Y1, Min_Sup $1e

ol MIN_SUD | a8 S |3 258 o Sd13 0

e o 1, T b il DS 5l B 1S5 sl S s gl o
{Iy 15 :2}
{Iy 15 :2}

Uz Iy, 15 :2}




SUSSBACLT SlE
)13 54y s 93 02 1y Sl n e
1: (1, 1,1,:1) 2:(1,1,:1)
3 &5,le Iy 4 b e sle Conditional Pattern Base ! 5Ly
(I 1;:1), (I;:1)

null{} dﬂ‘ 45 ML} dp <IZ:2> ﬂ.\m@ qu& C;é'); Cfi‘ﬁ‘;z

Support

.

temD "™ Node-link = I1:2 . .
Ri7 i - 11:4 -
116 | --f--==--=-- 9 = ' 3:2 .
316 | --[77°" ) ’ (IZ’ 14 2)

412 .
512 s




31N bl Wl g

13,13 397 gt A @B I3 60
1: (1, 1,15:2) 2:(1,,15:2) 3:(1,15:2)
:3) &5 ,le I3 4 b g 0 sla Conditional Pattern Base ../ L
(I, 1. :2), (1, :2), (1, :2)
9 <Li4,1:2> s Jols 555 opl by

Support
12:
temID ““"™  Node-link [1:2 . . . Z N .
Sl AS o Mgy )y S as wsl e <Ipi2>
27| 114

NN R N L (I, 13:4)
412 . 2 \ ) , (Il, 13 4)
(I 13, 15:2)

5 |2




)N gl oy

Item  Conditional Pattern Base  Conditional FP-tree  Frequent Patterns Generated
[5 Iz, I11: 1}, {12, I1, 13: 1}} (I2: 2, I1: 2) 112, I5: 2}, {I1, I5: 2}, {12, 11, I5: 2}
14 (12, T1: 1), {12: 1)) (12: 2) {12 14: 2)
[3 12, I1: 2}, {12: 2, {11: 2}}  (I2:4,11:2),(I1:2) {12, 13: 4}, {11, I3: 4}, {12, I1, 13: 2}
Il ({12: 4)) (12: 4) {12 I1: 4)
Support Support
count ATk 9
[tem ID m}]m Node-link null{} Itemx‘? | hf'f)fdt'] " =
' 'S 27} -
214 ~-----3 [1:2 B T e
L 1316
14 -4 4 | 2
' ' R O _____ - B |2




SO0 s 0315 LIB i oolaiw! iy yo5It

35S sese ) aesls LB Olg 0 OBy u.alf'

Aswbmupmﬁd,b oot b b VS 4 pere 2SI 0 sl ole S s e
=5 (Horizontal) sl s OF &

(el 53 Oy s 4 s esls (Vertical) g3 goe LG ol Jlae @

itemset TID_set

Il {T100, T400, T500, T700, T800, TO00}
(T100, T200, T300, T400, T600, TS00, T900)
{T300, T500, T600, T700, T800, TO00}

14 (T200, T400)
(T100, TS0O0)




SO0 s 0315 LIB i oolaiw! iy yo5It

sl Sy |y 48 gamn 2 ol sluas ol SIS 1SS 5 sl ol 058 i sl
(48 sozen & Lole sl L el 1 support_Count)

=S S5 e bl L-ltemset we jaze 5o ol SIS 2-Itemsets L 5\,,

(V’ JRENEIN

itemset TID _set
itemset  TID_set (11, 12} (T100, T400, T800, T900)
1 (T100, T400, T500, T700, T800, T900) (11, 13) (T500, T700, TS00, T900)
12 {T100, T200, T300, T400, T600, T800, T900} (11, 14) (T400)
13 {T300, T500, T600, T700, T800, T00) (11, 15) (T100, T800}
14 {T200, T400) Z> (12, 13) {T300, T600, T800, T900)
15 {T100, T800) (12, 14) (T200, T400}

(12, 15) (T100, TS00}

(13, 15) (T800)



SO0 s 0315 LIB i oolaiw! iy yo5It

=S eSS e bl 2-ltemset s 4c gozes 55 ol SIS 3-Itemsets el ¢l

(o JREFE{IERI)
itemset TID _set
(11, 12) (T100, T400, TS00, T900)
{11, I3} {T500, T700, T80O, TO00}
(11, 14) (T400) itemset TID _set
(11, I5) {T100, T800} Z> {11, 12, 13} {1800, T900}
(12, 13} {(T300, T600, T800, TO00} {1, 12, 15} {T100, T800}
{12, 14} {T200, T400}
(12, 15) (T100, TS00)
{13, 15} {T800}
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Min_Conf = s Min_sup =40% 5 5L Sl pl gl 668 olsd 516 s @

TID | items_bought
T100 | {M,O,N, K, E, Y}
T200 | {D,O,N, K, E, Y}
T300 | {M, A, K, E}
{
{

T400 | (M, U, C, K, Y}
T500 | {C, 0,0, K1, E)




(o) Sy (19 U551 S o9

ng_ew\j_e@\j,a)\Lg)LWﬁub RGIUO IS ¢ Jbéyw\ywﬁhub-w.bb‘
L2l oS Min_Conf 5 Min Sup Sl Lo guasen it Ol Lz

V..:)‘J)Lu ‘yé\féwuL;b))‘éL@Mj)Md‘fu.
S gy Jheas ®

sl b Joll ST g vve aS aSL ST 5 Y vy ol (Gl 4o s S (5 3
ML}JJAL}ADWS‘ i"'j&y%jr@&bws‘ VO"cLSJ.aﬁ?o\S

3L Min_Conf =60% 5 Min_Sup =30% .5 5
05 050 oI
Computer Game = Video
>4 Jal = Confidence = 66% , support = 40% !,
Sl Ol 5 63,8 056 LT Js .ol (68 0508 S 086l pl ol



(osel) (Swsly (il 99 (U )51 s w9
Sl 0 S ol 05 O 4 sl @
93 oyl %J}é\jﬁ sl s 1T S ol VO duj%jv,l,:ui; Jla=l 15 @
dade Gals ) s J g o Jlai| o guames SO b 2l oo @

b Steor LT 0T 53 S 6Ll 5315 s Jhae G 05 o0 bl Slaskas 350 12 @
.| Correlation Analysis

A = B [support, confidence, correlation].



(o) Sy (19 U551 S o9

A = B [support, confidence, correlation)].

Lift e

X%

All confidence ¢
Cosine *



ool JHEE! p ggio

w3 elils Ve AeS 5 8
(S) wes o bis Si,s smdils e o
(B) a0 (5l JLiss somiils Ver @
(S,B) S o (3L I3 o 5 S o L on gonils £ o
P(SuB) =420/ 1000 =0.42
P(S)=0.6 P(B)=0.7
P(S)xP(B) = 0.42
P(SuB) = P(S) xP(B) = Independent
P(SuB) > P(S) xP(B) = Positive Correlation
P(SuB) < P(S) xP(B) = Negative Correlation



Lift m )lﬂ&c

P(A U B)

ift (A B) 5 p )

A3 e San (1)) 45 gazme 55 oK 3L Y Sl s lift lude ST
Als ot (Saen (o) 4o pommn 53 oI wsL Y Sl e Lift lade S1e

(J.J...M_db Jﬁ.l’mvo) J;)‘J; LSIMM (v.l’..a:") de g 93 oKJT J.JbLs ) J"‘J" llft )‘J\.a.o ;‘ i



Lift m )lﬂ&c

J..s:é JL’ZA P
P({game}) = 0.6
P({Video}) = 0.75
P({game,video}) = 0.4
P({game, video 0.4
lift(game, video) = (g ), = 0.89

P({game}) x P({video}) ~ 0.6 X 0.75

Lol 2 ;LWM V':J 95 ol ol ol



Contingency Table

game game 2 row
video 4000 3500 7500
video 2000 500 2500

Yol 6000 4000 10,000
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Classification

S asie |y b esls sla (OIS Wilsm oS ol ol Jube ] gl sy aes a0
s atws 9o s Je ol @

(Classification) su. aib (X

(Prediction) .. o (U
o ol glas 8 51 an

(Text classification) -z g aws (X

(Fraud detection) _l& L esis (U

(Medical diagnosis) iy escis (U
(Stock market prediction) . s 5L s o (/b

(Image classification) ,slas gu 4il (M
(Web page classification) o &l=iv o s (a



S (S dwd

3 SOL oL i 4 by e sla esls uﬂb\ﬁsﬁf&r@&b&ﬁm@u&fé:hjm
gg.:o‘.)\sc\.:j (Safe) uﬁ‘ QQJ}'..LO )\ Lgﬁﬂ‘u\.s&.: f“ﬁ LSLB‘ “\‘SJW a o3l ui‘ &bﬁ

LTS &S asiie 3555 Jeaal o2 lp Al oo foasl odins s 1330 p 3 S5 Y Jlie
(Not Spam)rju ool L5 s SPAM) a6l 5 0 S Juasl 0!

Sl Slasbesl sl el w5 S 5 slaosls oo b dal g o 2iasiie gg-wﬁ S ¥ Il

350 s e3ls gl ol (Label) cos 4-."}7-3“5('-1)‘-’ e w3l Jle an s s
1S ol ol

Risky or Safe 1\ JL» s
Spam or Not Spam ¥ Jts s
Yes or NoO ¥ Js s

AN



$39w (o0 LW (G dlud 4395

5 gl 6 35 53 M5 o s s sl 9
Lo 4ib Jde S 36 ol s a5 (Learning Step) ¢ . SsL L 554l 56 X
g o a3 50 gla osls Ll o (Classifier)
&l ol ale Jus 3136 ol s a5 (Classification Step) g aws 36 .1

.sj..i&»osl.é.:..,u\ Ld> sla esls L5\]{ N (Label) e Y



Learning Step :Jqf ;&

U‘i‘ Jj:fu‘“)‘jé oslae] S L;.,\A.: Llwd d.)vo USJJ}AT)}\@.AMAL};JA (Label) %ﬁl{o‘f«bbﬁo.ﬁ\.ﬁ oK.iLé Lgb'h oJ\JJ‘dﬁ"M}UJU Q‘i‘);
S (Labelled examples) sus (108 i o sl 0315 Ll a4 Mawsl 45 il azdls asein cwnr 2 L L o3l

(Training Set) L;ijj.aT«ojw L,8 oo o3 eslanal )40 o 4ty Jobe uij'j.oT)j.E.;“\._,ASLg\ ol (6,18 Cvr 5 Lo o3l 46 gams @
Ibﬁwob‘bﬁudu\.&gn)‘Jﬁ&.ﬂ.la.wj.';\.bDJJSJOﬂ‘j‘f\ﬁjﬁdswob‘bo@\ij\&uJ)ﬁ)&ouijw‘.xiﬁ

X = (xq1, X9, X3, e, Xp)

Al’ Az, Ag, ,Anb\)bh;}ij U'i‘ Cewla 03l A€ gaa 2 (Feature or Attnbute) L;}.’J&:’. 4.:.19};4 ﬂbu.,a U‘i‘ )\ r‘v\sjb
bﬂfwdlxj'f&w%QMJﬁ&AwMJJQTMASJéb;}J&bo:\:&ww\)\mwﬁé\f
13,8 13 oslinal 5550 Llgte SleMbl 55685 8 gl 5 SbMbaol o atws Eou )y 1K

Sample, Example, instance, Data point, object



Learning Step :Jqf ;&

o‘}awo J‘ch‘uwéfsbb 4.1.>-de.> w)j,c‘ LSLQ ob‘.b WJ.: &M‘J.JJ\J.
A ,S (Supervised learning) o s U a5sel Jasy o556l

name age income loan_decision
Sandy Jones vouth low risky

Bill Lee youth low risky
Caroline Fox middle_aged high safe

Rick Field middle_aged low risky

Susan Lake senior low safe

Claire Phips senior medium safe

Joe Smith middle_aged high safe




Ol 9w (550l blio 40 Oyl b (5 w0l

ool b6 Sak e
gl IS el asiine 45 s o 5 Lol an 35 gel (gla 315V
wes (labelled) s cva o sla osls (g5, 31 S50 bl 5 Lu sla o313V
TR NT L
(Unsupervised learning or Clustering) < U o506 s ,.SaL @
v
v

s peln WIS e o e o0l (gla &gl (6l



Learning Step :Jqf 38

Y =J(X) pb il S S50 Olge a4 5 o gy s A3 51 al> o o d5l e
JMSWU.L&X 5,8 LY %ﬁ&\jﬁ-@ﬁsﬁgﬂj
b o 4 Vseme ml b IS ol e
(Classification Rules) su ail 5145
(Decision Tree) el Sl s e
(Mathematical models) 5L, <sls Joo @
Lpd g0 o3la OLES



Classification Step :p 99 31

A el (Classifier) Jus > 0 ol G @
.J;J‘J} Lfl'.’.))‘ J)jﬁ 0 s 4.2>-Lw JJA J‘.’.L’ 4.l.>-J.A L.J'i‘)b.

el 48 gams 3l 4S 355 e eslizad (TESE SEL) o 4o o G 51 Jke oLl 6l @

s gy 4 Classifier Lo 5 S cos as sames 31 sl s ((ACCUrACY) S35 iy 25 @
C,wu‘ oLy LSJM.:

Osds dod la osls g axws gl O 51 0l o s A5G Classifier cows S Sl @
JJSoJLi:..,o\ ol ! s



Training Step s Jbo

[C]:-lssification :—11g0ri1hm}

Training data

name age income loan_decision
Sandy Jones youth low risky
Bill Lee youth low risky
Caroline Fox middle_aged high safe
Rick Field  middle_aged low risky
Susan Lake senior low safe Classification rules
Claire Phips senior medium safe
Joe Smith middle_aged high safe
IF age = youth THEN loan_decision = risky

IF income = high THEN loan_decision = safe
IF age = middle_aged AND income = low
THEN loan_decision = risky




Test Step :Jbo

[ Classification rules ]

name age income loan_decision
Juan Bello  senior low safe
Sylvia Crest middle_aged low risky
Anne Yee  muddle_aged high safe

(John Henry. middle_aged, low)
Loan decision?

risky



Decision Tree paouad <& 49

01 3 48 el dile ol g8 s bl SO el 5 0
s el (S50 S p Eed S (S ) ShL oS 2 O
. el s S0 Az odins OLE (JL) axli s O
m Sl NS oz Su S 0 S 2 O
youth middle_aged senior

{ student? ] [ credit_rating? J

excellent

no
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age?

[—].JJSJJ“J.:SLSJQ msw‘ﬁgd\ng}\)gbwwﬁ

middle_aged senior

[ credit_rating? J

yes excellent

youth

student?

no
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Loes O by e laesls gol> s el 5l = o e cle sl o Y ee ®

(Tree pruning) oS o s 5 o35 g 1 bl ol 6,55 ¥ o @
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ID3 v:wjij\ .

C4.5 V:wjij\ .

CART (Classification And Regression Tree) v:wjij\ .
LS o ool oty Sl (sl wlan = iy 5l by Sl

Sl Jom 5 e Sl ol s b 4 VL LGS i
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ID3 (Iterative Dichotomiser 3)
AILA Lo S Gl el (S e S 2
.oJ..s)\J.g cjf 6\fwéﬁﬁ Q\y&@bA
OS sbml dder L35 S A 1 e sl
ol (Soiy e a5 LS e S sl 550l sladised 3l
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Information Gain (IG) & ¥ ¢ @il ylao

C«M‘ oL w;)g‘bcll'.s‘ﬁng DL ‘)L:xﬂ U'i‘

|ICi Dl
|Dj|

Log G oS @ Glae D oosls 4 gazms 535,55, SO aSSl S| Py oS 550 o

48 gazen 53 03l & el SO (ghs At Gl (&jjﬁT)JUé:J\ 5550 Ol Ol 35 03 pasS
Ll ol o D sl esls

11

Info(D) = — _pilog, (pi),

=1



Information Gain (IG) & ¥ ¢ @il ylao

Vbl oS (A ) b (S5 5 S 5l ol L1y D (sls els a5 gazs aual i o a5 43S (55 >
48 gazms Sk 5w Gl Ll e Ap (S esS Gy i ol {a1,03,a3, ...,0,} jain polis
5,8 15 eslatl 3540 a0 ez 3V w0 D gla osls

0 Ohy 6l (e isw UV w0 Ay Sy sl eslizal L) b osls gl ise 3 da 5L 5 50 el Ol e

1] 7 .
: | Dj| : 1l o Sy ) el Sl ol s axes
IﬂjoAi(D) = E l—D"| X [nfo(D;).
j=1

J.i—"dou:ﬁw.bﬁj A.EJ‘JJ\AL Lﬁf}ij ng)fukx.:,_:\ ‘d\ﬁ.w‘y oJ.cTC,wa.: IG U'.’.‘J"L"’

IG (A;) = info(D) —info,, (D)
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Class 1: Yes

Class 2: No

U] o

U] W =] e

RID age income  student credit_rating  Class: buys computer
1 youth high no fair no
2 youth high no excellent no
3 middle_aged high no fair yes
4 senior medium  no fair yes Info(D) = —% log, (%) —
5 senior low yes fair yes
6 senior low yes excellent no 5 7
7 middle_aged low yes excellent yes Info,e (D) = 11~ (_§]0g2
8 youth medium  no fair no A A
9 youth low ves fair yes + I7Re (—Elogz
10 senior medium  yes fair yes i
11 youth medium  yes excellent yes + 13—4 X (—glogz
12 middle aged medium no excellent yes
13 middle_aged  high yes fair yes = 0.694 bits.
14 senior medium  no excellent no

IG(age) = Info(D) — Info

age

E|U1
]

] W

SNa—

| o

=

[R]

TN

f

[a—
o
i}

(]

o
U

)
U] o

c——

| wo

c——

14

-

D
) = 0.940

(D) =0.940 — 0.694 = 0.246
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[G(income) = 0.029
[G(student) = 0.151
IG(credi — rating) = 0.048

350 o Cwliage SiuolyInformation Gain p YL ol Sk olis woa g L
S ool esls sliS ghs Sow S Olse a ol Bl g
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middle_aged senior

income student credit_rating class income student credit_rating class
high no fair no medium | no fair yes
high no excellent no low yes fair yes
medium | no fair no low yes excellent no
low yes fair yes medium yes fair yes
medium | yes excellent yes medium no excellent no

income student credit_rating class

high no fair yes

low yes excellent yes

medium no excellent yes

high yes fair yes




senior

no
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Naive Bayes Classification
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Naive Bayes Classification

IS sl ails L, P(C;i|X) i w%swé(:i oS Jls b ol sl

Ao S Maximum posteriori hypothesis sub ails | s Jlea! ldie o iy S

0ld e oS el

P(X|C;) X P(C;)

PGIX) = =5 o

535 aas Sl P(X[Cy) X P(C;)

.w\ﬁ@}ad\ﬁ;’-P(chi) dslen AL 5L s o3ls 4o samee sla S5 9 slaas S



Naive Bayes Classification
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Naive Bayes Classification
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Naive Bayes Classifier ! ¢ Jto

RID age income  student credit_rating  Class: buys_computer

1 youth high no fair no :v-.{ jb Jhﬂ B ‘ DL,
2 youth high no excellent no

3 middle_aged  high no fair yes

4 senior medium  no fair yes Cl — bUyS_COmputer = yeS
5 senior low yes fair yes

6 senior low yes excellent no _ b _

7 middle_aged low yes excellent yes CZ - uyS_COmpUter = NO
8 youth medium  no fair no

9 youth low yes fair yes L.

10 senior medium  yes fair yes u""% Lg—.’. j.’.) 0313 4 g LS‘)" ("':"b‘j" s®
11 youth medium  yes excellent yes

12 middle_aged medium no excellent yes ("'MS . s

13 middle_aged  high yes fair yes s
14 senior medium  no excellent no

X = (age = youth, income = medium, student = yes, credit_rating = fair)



Naive Bayes Classifier ! ¢ Jto

RID age income  student credit_rating  Class: buys_computer .

1 youth high no fair no v-:as ° ‘\-—ML>=A b La P(Cl) J.i.JLQ.A ‘J\IJ‘
2 youth high no excellent no

3 middleaged high - no fair yes P(buys_computer = yes) = 9/14 = 0.643
! senior medium  no fair yes N

S senior low — yes - fair yes P(buys_computer = no) =5/14 = 0.357
6 senior low yes excellent no

7 middle_aged low yes excellent yes L % ‘ P (X | C ) A Py ‘

8 youth medium  no fair no S J” S 7 L ) S o
9 youth low yes fair yes

10 senior medium  yes fair yes " ‘ . W ‘ . e

11 youth medium  yes excellent yes Jj . J'lb xd Lfb J u‘y ‘ <I 1’2) Yj \
12 middle_aged medium no excellent yes
13 middle.aged high yes fair yes P(age = youth | buys_computer = yes) =2/9=0.222
14 senior medium  no excellent no P(age — youth | buyg_computer = 10) — 3/5 — 0.600

X = (age = youth, income = medium, student = yes, credit_rating = fair)

P(income = medium | buys_computer = yes) = 4/9 = 0.444
P(income = medium | buys_computer = no) = 2/5=0.400
P(student = yes | buys_computer = yes) =6/9 =0.667
P(student = yes | buys_computer = no) =1/5=10.200
P(credit_rating = fair | buys_computer = yes) = 6/9 = 0.667
P(credit_rating = fair | buys_computer = no) = 2/5 = 0.400



X = (age = youth, income = medium, student = yes, credit_rating = fair)

Naive Bayes Classifier ! ¢ Jbo

P(age = youth | buys_computer = yes) =2/9=0.222

RID age income  student credit_rating  Class: buys_computer P(age = youth | buys_computer = no) —3/5=10.600

! youth h%gh no fair no P(income = medium | buys_computer = yes) =4/9 = 0.444

. YO_Uth h?gh no exlcellent 1o P(income = medium | buys_computer = no) =2/5 = 0.400

3 middle-aged  high e fair e P(student = yes | buys_computer = yes) =6/9=0.667

4 senior medium  no fair yes -

5 senior low ves fair ves P(student = yes | buys_computer = no) =1/5=0.200

6  senior low yes excellent no P(credit_rating = fair | buys_computer = yes) = 6/9 = 0.667

7 middle_aged  low yes excellent yes P(credit_rating = fair | buys_computer = no) = 2/5 = 0.400

8 youth medium  no fair no 0 el dlone sl 1 am 5 L

9 youth low yes fair yes o HJ_ - ﬁ o >
0 cenior medium  yes i Vs P(X|buys_computer = yes) = P(age.: youth | buyls,computer = yes)
11 youth medium  yes excellent yes x Plincome = medium | b.uys_com}outerz yes)
12 middle_aged medium no excellent yes g P(St“(j?m :.yes | bu%/s_compute? = ye)
3 middle aged  high ves i ves X P(credit_rating = fazr| buys_computer = yes)
14 senior medium  no excellent no = 0:222 X 0444 0.667 > 0.667 = 0.044.

lie Spse 4
P(X|buys_computer = no) = 0.600 x 0.400 x 0.200 x 0.400 = 0.019.

pd ol 23 polie A8 e e SLe 1 P(X|Cy) X P(C) e a5 X (sl cnlin DS 058L (<l

P(X|buys_computer = yes) P(buys_computer = yes) = 0.044 x 0.643 = 0.028
P(X|buys_computer = no) P(buys_computer = no) = 0.019 x 0.357 = 0.007

s ls 1, buys_computer = yes . io X osls 450 ¢l Naive Bayes Classifier .l L
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