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Classification & Prediction

Classification

< v o v £ 1 1 dl o v
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Process of Classification

iy

Yas Lams 125K No .
) % algorithm
No Medium | 100K No @qﬂuﬂ _ 9

No -Small TOK Na

Yes |Medum |120k [Ne Induction
No  |lame  |osk | Ves
Medium |80k | No \
4 Learn

Yas Large 220K No
No Small 85K Yes Model
No  |medum |75k |Ne :
No

smal [ook  |ves ll
s Model
Training Set /
Tid Aftrib1 Afttrib2 Atirib3 Class
11 |nNo Small 55K ?
12 | vas ‘Medum | 80k :
D

/

a0 ® N e e s N

?
13 |ves [tame |10k |2 eduction
14 N Small 8K |? - .

5 |no  |ame ek |2 WL
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Classification

1. WUITBYARIBE19 (Samples Data) sanilu 3 ddulaun

* Training Datasets
* Validation Datasets
* Test Datasets
2 0 Training Datasets 11&3519 Decision Tree
v . . o Y] o dl 9
3. GL‘IJ Validation Datasets ’D@ﬂ‘]’]ﬁ\lgﬂﬁmﬂuﬂﬂﬁ‘@ﬂLLuﬂ“]J‘ﬂ\‘i Tree NATN
4. indndie 2,3 nalilanaugniesgege

5. 1% Testing Datasets N maaauril Tree NlAtNadnANgNfid



Classification : Definition

® Given a collection of records (fraining set )

— Each record contains a set of attributes, one of the
attributes is the class.

® Find a model for class attribute as a function
of the values of other attributes.

® Goal: previously unseen records should be
assigned a class as accurately as possible.

— A test set is used to determine the accuracy of the
model. Usually, the given data set is divided into
training and test sets, with training set used to build
the model and test set used to validate it.




aanasnunlvlunisimiiasdayatuudun

lawn
- Decision Tree induction
- Naive Bayes method

- K-nearest neighbor (K-NN)
- Neural Network



Decision Tree Example

MarSt Single,

Marri‘ed/ \%ffrced
NO Refund

Yes \NS

TaxInc

< sor:/
No.



Decision Tree Learning Algorithm

* Decision Tree LTuN1311a3AN45 19U ULAIAB9N T NN TS LU uu
Trsaas9biuld aziinnsineuuuy Supervised Learning (AaN3Ee15104
TuaLuUNAgaan) AIN19043NULILANABINTIAANNIANY LHAINNgN a1
fayainmunlianmiin uasnennsainguaessanisfitldingdundn
wnamny asaegluunaes Tree Tasea3neilsznasfiog Root Node, Child
uaz Leaf Node Sane3fin 71l4lun1sai1e Decision Tree liun

* ID3 Algorithm

* C4.5 Algorithm (Hnszuqunishuigannlidudanld Math Tdunniin)
* C5.0 Algorithm

* CART Algorithm

1 aal A

Tuusazatndandasgasmieiuly luniazaanainnaaniy C4.5



watlalun1svinmilestayaluu Decision Tree

a1 P4 6 1 1% Qi . o @ % o @
CANNRAINADINITNLINTIUINQRNAIN  |2rgedr@unsng [ aneidd FaRuniwd

ﬂ@@uuimLﬁmzﬁumwmmﬂmmwmiﬂ 2 25 YES
LinarilaniasnAuladedunindaiai 3 22 YES
Tdureenuesnisaly 2 IngldiTaqelunnsg 1 28 NO
AnrziRe sraznafigninlBidnAunine 5 30 YES
NILATBNYUBIQANAT 4 27 NO

2 21 NO

3 23 NO




watlalun1svinmilestayaluu Decision Tree

* andlagansidn “gnAnHaneingunine

v
6 o/

saust 2 Tawlil warangangia

Faug 25 taull dnazanasmaduningitliaadniiay”

AT NRUNSNE
>=2 7
No Yes
i GRLIEE
>= 257
No Yes




Classification Sample Data

Qutiook Temperature Humidity Windy Play(?)
sunny hot high false no
sunny hot high true no
cloudy hot high false yes
rainy mild high false yes
rainy cool normal false yes
rainy cool normal true no
cloudy cool normal true yes
sunny mild high false no
sunny cool normal false yes
rainy miid normal false yes
sty mifd normai true yes
cloudy mild high true yes
cloudy hot normal false yes
rainy mild high true no




Classification Sample Data (cons’t)

* dayanivualusisaiiudeyaaninainianldlsznaunissindulalunig
1A a dl 1
LAUNWITUANLNIN
NANIWaIn1Aadn9lsasaLLau (play = yes)

Adnwatn1Aadnglsaglaitau (play = no)
.

° ¥ - . < 1 o =
* lusuanuundeya (Classification) dayaniiuanyaunialy n1auunA9

wannsiam play

° PRUNLANYIFLIA outlook , temperature , humidity , windy 74Nl

predicting attributes



Classification Sample Data (cons’t)

o tToyunfasianTinAe aziaan Attributes TanntingLilu root node luis

v

AZTUARUURINITAIN tree LAY subtree

6‘=ﬂl 1 v A = = A . 1
o INUTNTERRAULA 1 LN1TLAAN root node AR NARBILAAN Attribute LFAAY
Fau1n 1N NElU root node LaaNAN Gain BafluaA i lduandn attribute 9
Niutindiilu root node anunsnanuundaya linuIntiaaiegls




L
N15%1A1 Gain

° Gain WRANLUANIZALAYNNAINITDUAINITINUUNARIZTDY attribute
WU ABINTIALEIU bits (N1A1N Information Theory)

o119
° T WU LIRAURN Training Set

aa o"tdl = Y < o O v
* X LN LLANNTLIR mmmﬂimﬂummummm@

Gain(x) = info(T) — info,(T)



N15%11A1 Gain (519)

* Info(T) luiaridu NezyifFunndayanfiasnisiva liianuisnanuunaaian

FRIN17LA
Cinfom = - X [freq(C,T)/[T|] x log, [freq (C;, T) /T[] bits

j =llok

* 114 |T| Aa A uudiayavianauali Training Datasets Freq(C,T) AB AN
fagalu T dsngiilueana C



A15%1A1 Gain (§19)

* Info,(T) ¥7@ Entropy A Waridunszyiiunnidiayansiadn1sinenisaiun
panarasdiayalnald attribute X (luFansaaasiialandays

* Info,(T) =

>  (T|/|M) x info(T)  bits

i =lton

dl ., A o 1 dl < 1% aa 6
°CLHR | AR @’TWJ‘LAW]‘V]Lﬂ%iﬂiﬂ"ﬂ@\‘iLL‘ﬂ‘VW]ﬁ“LlQﬁl X

N o Yy dlal
* |Ti| AR AuaudiayanAl x=i



Example

* anFatdiayaariA Gain 189usay attribute 14z 1aanLll Root node

° 1. RLFEAIUIA info(T)

yes yes no no
yes yes no no
yes yes no
yes yes

yes

info(T) = -[9/14 x log, (9/14)] - [6/14 x log, (5/14)]
= 0.940 bits



Log, O ifianw

Example J

_ [ =(414)"LOG(4/4,2)-(0/4)*(LOG(0/4,2)
* 2. 11AN info (T) ARILFASUBNNTLIG

* AN info outlook(T) ¥ lAFAIT
—(2/5)*LOG((2/5),2)-(3/5)*LOG((3/5),2

=-(3/5)*LOG((3/5),2)-(2/5)*LOG((2/5),2)

sunny rainy
yes no yes no
yes no yes yes yes no
no yes Yyes yes
: v
Info([2,3]) = 0.971 bits .
/(. \ Info([4,0]) = 0.0 bits  |nfo([3,2]) = 0.971 bits
# examples # examples
in“yes” class in“no” class

Average information = info([2,3], [4,0], [3,2] )

=5/14 x0.971 +4/14 x 0.0 + 5/14 x 0.971
= 0.693 bits



Example

* ngazAnunAatdrasdiayaaaniilu play = yes #sa play = no faslddaya
anuanvistiosaullsznaunissinaula fnuanyiaiag outlook azfinsndiaya
W UsznaunislaanaAand fail

info_. .(T)= (5/14) x [ - (2/5) x 10g,(2/5) - (3/5) x log,(3/5)

outlook

+ (4/14) x [ - (4/4) x log,(4/4) - (0/4) x log,(0/4) |

+ (5/14) x [ - (3/5) x log,(3/5) - (2/5) x log,(2/5) |
= 0.693 bits



Example

entropy(P,,P,, ... ,P)=-P,log P, —P,log P, - ... -P_log P

info( [2,4,3] ) = entropy (2/9, 4/9, 3/9)
=-(2/9) log (2/9) - (4/9) log (4/9) — (3/9) log (3/9)
=(-2log2—4logd4-3log3+9log9)/9



Classification : Constructing Decision Tree

@ temperature

sunny cloudy™\_rainy hot mild cool
yes yes yes yes yes yes
yes yes yes yes yes yes
no yes yon no yes yes
no "o no yes no
no no no
no

gL g2 gain = 0.029 bits

= 0.940-0.693 =0.940-0.911



Classification : Constructing Decision Tree (A8)

()

high normal
yes yes
yes yes
yes yes
no yes
no yes
no yes
no no
gain = 0.152 bits

yes
yes

yes

333383

yes
yes
yes
no
no
no

gain = 0.048 bits




= = ' . avy
W3sULauAl Gain Nlo
gain (outlook) = info (T)—info_, , (T)
= 0.940 - 0.693
= 0.247 bits
gain (temperature) = info (T) —info,, ... (T)
= 0.940-0911
= 0.029 bits
gain (humidity) = info (T) - info,, ;s (T)
= 0.940-0.788
= 0.152 bits

gain (windy) = info (T) - info, , (T)

0.940 - 0.892

0.048 bits



Constructing Decision Tree (59)

di aa & % 1 o 4 Y < = o %
° LUANANNLLANNTUIR outlook EIQVLQ\I@”]NW?O’Qﬂﬂ@aﬁ\ldﬂﬂﬁﬂf\]élﬁl,ﬂuﬂ@”mLﬂil']ﬂu llﬂ
7i9uA (outlook = sunny Apngudayaniiluaaa yes=2 recs, no=3 recs
. [ % 1Y dl [~ =X Y
LA outlook = rainy @mﬂqum@yj@mﬂmmm yes=3 recs, Nn0o=2 recs) AaIFA
v . 1 A aaAa c‘dl [~} o dl 1
A71N decision tree BIf Tmmmmmwmmmmm%ﬂu node SLuﬁ‘zm_Wl 2 P
Q1N root node }N3tH outlook = cloudy haniluFedds19 node ANLAN
NgzaNIInannguiayaniiluaaia yes 1Hiauun

sunzy/ coudy rain
o R

y

D



Constructing Decision Tree ()

D_

* wanvistinsnauisagniaaniilu node Tuseaun 2 15 An

temperature, humidity LA windy

e

®* fa19nnN19a3 1 IMUAgNNINEIEla outlook = sunny BIlABNWANYIZLIA

v
v o A

temperature A% lAATUINLAN gain ARG

gain (temperature) = info (outlook = sunny) — info (outlook = sunny)

{emperature

D_

<

® 11a3a1n outlook = sunny AaAngudayaniiluaaia yes=2 recs, no=3 recs

v
v o/

AN

. 2 2) 3 3
info (outlook = sunny) = — g x log, (-5-) = g x log, (_5.)

= 0.971 bits



Constructing Decision Tree (aa)

gain = 0.571 bits



Constructing Decision Tree ()

info‘mam(outlook =sunny) = info ([0,2],[1, 1}, [1,0D)
2 [ o fo) 2 (21
= =x|-—xlog,| = |-=—xlog,| =
3| 2 ) 2 2.1
- gx———l-xlog (—l-j—lxlog (l\—
I} 2 2 2\2/_
= lx-—-lxlogz(l)—gxlogz(g)-
5 | 1 1) 1 4
= 0.4 bits

. gain (temperature) = 0.971 - 0.4 bits
= (.571 bits



Constructing Decision Tree ()

* Llaaad outlook = sunny kA NARAIALLNNANGalUAaauanyiatiaf cloudy

gain (windy) = info (outlook = sunny) - info,. . (outlook = sunny)

windy
= 0971 -info ([1,2], [1, 1])

= 0971 - 0.951 bits @

sunny
= 0.020 bits Cwindy
false e
yes yes
no no
no

gain = 0.020 bits



Constructing Decision Tree ()

-+ \flaans outiook = sunny u&9 NARBsILLNAENse UK weNYE T
humidity
gain (l;umidity) = info (outlook = sunny) - info, .. (outlook = sunny)
= 0971 ~info ((0,3] , 2. O1)
= 09710 bits

= 0971 bits
high \ normal
no yes
no yes
no

gain = 0.971 bits



Constructing Decision Tree (59)

« JuvnuealRentuiiie outlook = sunny Wan NAA8YA3IY decision tree AREILAY)
306 A1 azldien gain dasielyil
gain(temperature) = 0.571
gain(humidity) = 0.971
gain(windy) = 0.020

* RyANTTUILAaNUuaNYIZLiaf humidity (WszRAT gain g94m) Lfu node 1w
sAuNaassaaniuum outlook



Constructing Decision Tree ()

- decision tree duudalnuagnnisaanaaslnus outlook 7ida
fansoun iaanuanyisiofuazainasauwiuen gain wmumn@uﬁmu
aunsnidantfduanvizdad wWindy azliisn gain zgqmqm

- nsruaunase decision tree azaugn fsadia leaf node flu
naN1afiayanaIALRLNIUIIUNA

no ves ves I:DT___




Classification Rule

daidy |dl o 1 o
* Tunstinidiayalvaindslingiuaaia “outlook = sunny, temperature = cool,
humidity = high, windy = true” @N130° decision tree NMMUILAAAUAS
fayandn play = no Iaaifia1sainanniivey 2 wanyisiag Ae outiook =

sunny LAaZ humidity = high

v
o/

* Decision tree @ unsnudaaifi Classification rule THmsil

rule 1 : IF (outlook = sunny) AND (humidity = high ) THEN play = no
rule 2 : IF (outlook = sunny) AND (humidity = normal) THEN play = yes
rule 3 : IF (outlook = cloudy) THEN play = yes

rule 4 : IF (outlook = rainy) AND (windy = false) THEN play = yes

rule 5 : IF (outlook = rainy) AND (windy = true) THEN play = no



Exercise

* andlaya ANNAALTIUIEIAY 7 AL NFBINITRENEHANATUNILIAT 1 178
wangad 2 Tnaansnanans els Lazn1aANEIIDELAANA N AR AL

Usngiannea liiaine Decision Tree wauuanngnisessals

al

No Age Income Education Candidate
1 >=35 High High School 1
2 <35 Low University 1
3 >=35 High College 2
4 >=35 Low High School 2
5 >=35 High University 1
6 <35 High College 1
7 <35 Low High School 2




