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@ATTRIBUTE sepallength  NUMERIC
@ATTRIBUTE sepalwidth NUMERIC
@ATTRIBUTE petallength NUMERIC
@ATTRIBUTE petalwidth NUMERIC

@ATTRIBUTE class {Iris-setosa,lris-
versicolor,lris-virginica}

@DATA

5.1,3.5,1.4,0.2,Iris-setosa
4.9,3.0,1.4,0.2,Iris-setosa
4.7,3.2,1.3,0.2,Iris-setosa
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Example data “iris”

s VY ADMIESEE
= Fisher® $ 5l 3 #TiEZ MBI 9 1= ZF| FH(1936)
s JOR:
setosa, versicolor, virginica
» HHEE(EH)
sepallength : BA<DES
sepalwidth : M<DIFE
petallength : FEFDES
petalwidth : FEFDHE




Explorer: HJALE
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ﬁ Explorer: Visualizer
» FEHE(EH)REOERERT

| || wismam | 5548 | b5k | oo -t | BikER

R A S sepallength sepalwidth

_l v X:petallength (Num)
| AVARUAR

‘E, class (Nom)

Eetly swante (|
Fovhiris

Josk-Z: [100]

A MR [1] “
1REHTE: [I
E, class (Nom)

~—DNDEFRE

Iris-setosa Iris-versicolor I




i Explorer: Classifiers

n SR FE RO EL
SVM, Za—3JL1vhk, RERK,
ERIFESHT, XAOTRVE, ..

Ada-boosting, stacking,...




‘L SVM in Weka® & 5E
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I §ial| 5% | 5528— | PUULI—F| BIEER | EJa7it]

| (_#tR_|smo -Gllo -L 00010 -P 10E-12 -N 0 -V -1 -W 1 —K “wekaglassifiers functions supportVector PolyKernel -G 250007 -E 10"

SEREEN
O FBUyEER Correctly Classified Instances 144
O 1557 A Mk EXE Incorrectly Classified Instances 6
= 2 T Kappa statistic 0.94
@ £ = |
?" ﬁim‘&“ 72K ;m Mean absolute error 0.2311
O R-tsknE) % |66 Root mean squared error 0.288
[ SBhoAF s ] Relative absolute error 52 $
Root relative squared error €1.101 %
‘ Total Number of Instances 150
{Nom) class -

=== Detailed Accuracy By Class ===

(e

=3 v, e SN
BRYAL BIYITAT V) TP Rate FP Rate Precision Recall F-Measure
213419 - functions SMO 1 0 1 1
0.98 0.05 0.907 0.98
| 0.9 0.01 0.978 0.9
Weighted Avg. 0.96 0.02 0.962 0.96

=== Confusion Matrix ===

ROC Area Class

1 Iris-setosa
0.965 Iris-versicolor
0.97 Iris-virginica
0.978

m

a b c© <-- classified as
50 0 0| a = Iris-setosa
049 1| b = Iris-versicolor
‘ 0 545 | c¢ = Iris-virginica
« m
AT—B2
0K
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‘L SVM in Weka®

l

[ 38R |SMO -G 10 -L 00010 -P 10E-12 -N 0 -V -1 -W 1 —K “wekaclassifiers functions supportVector PolyKernel -G 250007 ~E 10°

Correctly Classified Instances
Incorrectly Classified Instances
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A—RERTED
A REMNEN

\_ 38 | 5348 | 5525 [ PuvT - | BiER | Egariit]
)\&iﬁ
FAM IV HHRELN
O # Bty e
#RiaTAMzZyk i
o TERI S| ian Kappa statistic
V‘K—t‘;f"n\zﬂ € weka.gui.GenericObjectEditor
[ 3BhoA ey | | wekaclassifiers functions SMO
FIREVT4—(2D0T
i (Nom) class

BRUAN ENITAI V)

Implements John Platt's sequential minimal optimization
algorithm for training 3 support vector classifier.

buildLogisticModels | False
c |10
checksTumedOff | False

debug :False

10E-12

epsilon

filter Typg

e PolyKernel ~Ci

H0007 -E10

= K@F me

&0
)

FHREYT—

randomSeed I *
0K ]

[ B (377

Fe

(o B

&R

weka.classifiers.functions.SHO

e .
Implements John Platt's sequential minimal
optimization algorithm for training a

support vector classifier.

This implementation globally replaces all
missing values and transforms nominal
attributes into binary ones. It also
normalizes all attributes by default. (In
that case the coefficients in the output
are based on the normalized data, not the
original data --- this is important for
interpreting the classifier.)
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Logistic

Multilayer Perceptron
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RBFNetwork

SimpleLogistic
SMO
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Wik | 538 | 5325 | PuvI - | BiBER | ESarit]
f | P
[ 3R | MultilayerPerceptron -L 03 -M 02 -N500 - 0 -5 0 -E 20 -H a -G -R
FAM I HRRELEN
: O FBLybH ) weka.gui.GenericObjectEditor
- O ReTAME = - :
u t I a e r g 5 y wekaclassifiers functions MultilayerPerceptron
iy | [ e FREVF D0

O K-t -
AClassifier that uses backpropagation to classify instances. E= ]

PerceptronZz J°
H1)y LT == '
GUIZEIR

hiddenLayers

learningRate

momentum
nominalToBinaryFilter

normalizeAttributes

normalizeNumericClass

reset |

seed
training Time
validationSetSize 0

validationThreshold |20

R |
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Multilayer Perceptron -L 03 -M 02 -N500 -V 0 -S 0 -E 20 -H a -G -R
< |
I FAN T3 PHEREEN
O FEtybER === FETHIE ==
O T ANy SRE
stof @ = il AF—7:weka.classifiers.functions.MultilayerPerceptron -L 0.3 -M 0.2 -N |§
i;;{- ° ﬁit%i,\z % Jl«t 10 F—5&: i
sl &~ Nt g A(E0 A 2 A% 2 23| %] Neural Network
oo Mo [T ENA T | | EHEH:s
l . [(Nom) class - ]
| FERUAL (BRAITA TV s hE— R

21:45:44 ~ functions Multilayer Perceptron

Fis-virginic ~

S| Controls

Learning Rate = 03 ||

m Of Epochs 500
Hor per Epoch = 0 Momentum = 02 |

-, En e e

Start/R2> THAR, Acceptrh3 TEEFERDAEE
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- 1 lazy
. - meta
BR \]
B L misc
B L rules
| B trees
| L ADTH
q* ~® BFTree 3
- ® DecisionStump
N FT
| :i o -5
@ J4Seraft
@ LADTree
@ LMT
l @ NBTree
@ RandomForest
- ® RandomTree LS
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J48 pruned tree

outlook = sunny
| humidity <= 75: yes (2.0)

[ 5m3e] 528 [ D528 | PYoT—h | BUEEIR | EVaPiE]
e
[ ®iR |48-C025-M2
FAMFEY
© ¥ By IR
© #EFAM R B
@ 3TEMRELE Z4-E 10
© K-t b8 % |66
( ATV
|
NOIT) DISY

BRI (EDIHTAI )

‘ L

| 121:50:39 - trees. )48
|§2151:52 - trees.J48

| humidity > 75: no (3.0)
outlook = overcast: yes (4.0)
cutlook = rainy

| windy = TRUE: no (2.0)

I windy = FALSE: yes (3.0)

Size of the tree : 8

EFIEN FFRESRE: o #

=== PEBESTERE —

AN

L11]

=== Summary ===
1 Correctly Classified Instances 9 64.2857 %
Incorrectly Classified Instances 5 35.7143 §
AT=BA
0K
— —
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PUVT-b | BIEER | Ea7ik]
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[ 5%k ] Apriori-N10-T0-C09-D005-U10-M01 -S-10 —c -1 ;
r TT —

e jfesal) =

BRI TAS | APTiOF =

Minimum suppert: 0.15 (694 instances)
Minimum metric <confidence>: 0.9
Number of cycles performed: 17
Generated sets of large itemsets:

Size of set of large itemsets L(1): 44
Size of set of large itemsets L(2): 380
‘ Size of set of large itemsets L(3): 910
| Size of set of large itemsets L(4): 633

Size of set of large itemsets L(5): 105

| Size of set of large itemsets L(6): 1

Best rules found:

‘| 1. biscuits=t frozen foods=t fruit=t total=high 788 ==> bread and cake=t 723 conf: (0.92)

2. baking needs=t biscuits=t fruit=t total=high 760 ==> bread and cake=t €96 conf: (0.92)

| 3. baking needs=t frozen foods=t fruit=t total=high 770 ==> bread and cake=t 705 conf: (0.92)
4. biscuits=t fruit=t vegetables=t total=high £15 ==> bread and cake=t 746 conf: (0.92) L
5. party snack foods=t fruit=t total=high 854 ==> bread and cake=t 779 conf: (0.91)

6. biscuits=t frozen foods=t vegetables=t total=high 797 ==> bread and cake=t 725 conf: (0.91)
7. baking needs=t biscuits=t vegetables=t total=high 772 ==> bread and cake=t 701 conf: (0.91)
€. biscuits=t fruit=t total=high 954 ==> bread and cake=t 2866 conf: {(0.91)

9. frozen foods=t fruit=t vegetables=t total=high 834 ==> bread and cake=t 757 conf: (0.91)
10. frozen focds=t fruit=t total=high 969 ==> bread and cake=t £77 conf: (0.91)
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= UCI Machine Learning Repository
= University California Irvineh\ gL TLV\3T—4
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= http://archive.ics.uci.edu/ml/
= ACM KDDCup

= ACM SIGKDDMWEBERET 5V TAM
= http://www.sigkdd.org/kddcup/
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UCI ML Repository

{2 UCI Machine Learning Repository — Windows Internet Explorer

@@v e suciedu v| & x| 8 Pl

TAME REQ FRW BRAI® Y-iD I

% Google | uci kid database repository v MYnE - GHEE EE» od4y a"_;z -\ x - »
w BREAY | 55 v @) HotMail DEHH-ER & =
£ UG Machine Leaming Repository B~ B O @ A 275 Y- @ 7

About Citation Policy Donate a Data Set Contact

: [ searsn [
Machine Learning Repository SRR .

Center for Machine Leaming and Intelligent Systems

Welcome to the UC Irvine Machine Learning Repository!

: : | 3B irvine: 7— 154~ BHICTS :
We currently maintain 235 data sets as a senice to the machine leaming community. You r § ivine: P-4 mECHD }an:hable interface. Our old web site is still available, for those who
prefer the old format. For a general overview of the Repository, please visit our About page. For information about citing data sets in publications, please read our citation policy. If you wish to

donate a data set, please consult our donation policy. For any other questions, feel free to contact the Repository librarians. We have also set up a mirror site for the Repository

kA S Rexa.info
b": In Collaboration With  Rssotrd * Peaple = Coanostions
B o6

e
Latest News: Newest Data Sets: Most Popular Data Sets (hits since 2007):
2010-03-01: Note from donor regarding Netflix data Ty
2009-10-16: Two new data sets have been added 2012-12-10: |20 Human Activity Recognition Usin 391895: Inis
2009-09-14: Several data sets have been added Smanphones
2008-07-23: Repository mirror has been set up — 276017:
2008-03-24: Mew data sets have been added! 201242.0%: & || One-hundred plant species leaves data
2007-06-25: Two new data sets have been added: UJI set
Pen Characters, MAGIC Gamma 241034:
Telescope
2007-04-13: Research papers that cite the repository AN |t

- ; 199270:
have been associated to specific data

sets R | | o |

4 Breast Cancer Wisconsin (Diagnostic)




Example data “Mushroom”
o AERDF/OD 558

s HIOEMFE DB TRUFI—IELTHIRE
s 812437 )LIE, IRETIXHAXHV/PMELY

= 75 X:edible, poisonous

s FEE(EM)
cap-shape : MWD
cap-surface : MEMDEXM
T E 2258




Example data “KDDcup 1999~

= The Fifth International Conference on Knowledge
Discovery and Data Mining(KDD 99)®Ma>T Xk
AT—%
s T—ARAZUTICEAT AT AV I7ZLUADVED
= MIT Lincoln AT DRy T —O TERISNT-TCP
TOERADEE%
= 75X:goo, bad
= 743MB
» FEE(EMN) 31
= MERMELHBBENER




