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1. Z32 Missing values and outliers

212

w2 : Remove tuples with missing values at numeric attributes

L B B E R B e ﬁ?ﬁiﬂﬁ%ﬁﬂ%ﬂ br > MEHEBRET% > AttributeIndex
E2,11 05 HiE *‘ﬂﬁ%ﬁ D BT 666 {[E instances

] & weka.guiGenericObjectEditor X &) weka.guiGenericObjectEditor X
weka filters.unsupervised.instance.RemoveWithValues | wekafilters.unsupervised.instance.RemoveWithValues
About About
Filters instances according to the value of an attribute. More Filters instances according to the value of an attribute More
Capabilities Capabilities
attributelndex = 2 attributeindex = 14
debug  False v debug  False v
doNotCheckCapabilities | False v doNotCheckCapabilities = False v
dontFilterAfterFirstBatch = False V| dontFilterAfterFirstBatch | False v
invertSelection = False b invertSelection = False h<
matchMissingValues | True et matchMissingValues = True v
modifyHeader = False v modifyHeader = False w7
nominalindices  first-last nominalindices  first-last
splitPoint | 0.0 splitPoint = 0.0
Open.. Save.. OK Cancel Open... Save.. oK Cancel

Current relation

Relation: CRX-weka filters.unsupervised.instance.Remove... Attributes: 16
Instances: 666 Sum of weights: 666
Selected attribute

Name: A1 Type: Nominal

Missing: 12 (2%) Distinct: 2 Unique: 0 (0%)

No. Label Count Weight
b 451 451
2 a 203 203

2. EJ2 Dimensionality reduction
« ¥ 3 - 74 attribute selection > j* » B HFHF > jF o
CfsSubsetEval :

Evaluates the worth of a subset of attributes by considering the
individual predictive ability of each feature along with the degree of
redundancy between them.

- HEBMEROHERENE - HEEESET




Selected attributes:
a4
A6
A8
AS
aAll
al4
alS

¢ GERBCTHB I T -

4,6,8,9,11,14,15 : 7

- EEEHIETTE B Greedy Stepwise (forwards).

Performs a greedy forward or backward search through the space of attribute

subsets.

Attribute Subset Evaluator (supervised,

CFS Subset Evaluator

Including locally predictive attributes

Selected attributes:
B4
A6
a8
A9
aAll
al4
aAlS

- EIGEHRAME -

4,6,8,9,11,14,15 : 7

3. ;dZ Numerosity reduction (7 > 7 #L 2 #&)

«  F]A Random sampling }77AE(E

-+ BEEARERE - BEASEAERAYE 2L

noReplacement = True

randomSeed 1

sampleSizePercent | 70

! Filter

Choose  Resample -S 1 -Z 70.0 -no-replacement

Current relation
Relation: CRX
Instances: 690

Attributes: 16
Sum of weights: 690

Attributes
All None Invert Pattern
No. Name
1 A1
2 A2
3(JA3
I\ Y Yoy
- JFIEERE 690 2 -
Filter
Choose |Resample -S 1 -Z 70.0 -no-replacement

Current relation
Relation: CRX-weka filters.unsupervised.instance.Resample...
Instances: 483

Attributes: 16
Sum of weights: 483

Attributes

All None Invert Pattern

[ Aaonn

«  Random 7% /% 483 % -

Class (nominal): 16 Alé6):
Apply
Selected attribute
Name: A1 Type: Nominal
Missing: 12 (2%) Distinct: 2 Unique: 0 (0%)
No. Label Count Weight
1 468 468
2'a 210 210
Apply
Selected attribute
Name: A1 Type: Nominal
Missing: 9 (2%) Distinct: 2 Unique: 0 (0%)
No. Label Count Weight
1 337 337
2 a 137 137
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/8%, 000
A LA adultarff

By [

AR PN E

o | el fi%; ]

4 i Apriori algorithm
- &

@RELATION adult

7

=
*
=g

7
=

’EB‘L

@ATTRIBUTE age numeric

@ATTRIBUTE workclass {Private, Self-emp-not-inc, Self-emp-inc, Federal-gov, Local-gov, State-gov, Without-pay, Never-worked}

@ATTRIBUTE fnlwgt numeric

@ATTRIBUTE education {Bachelors, Some-college, 1llth, HS-grad, Prof-school, Assoc-acdm, Assoc-voc, 9th, 7th-8th, 12th, Masters, 1lst-4th, 1
@ATTRIBUTE education-num numeric

@ATTRIBUTE marital-status {Married-civ-spouse, Divorced, Never-married, Separated, Widowed, Married-spouse-absent, Married-AF-spouse}
@ATTRIBUTE occupation {Tech-support, Craft-repair, Other-service, Sales, Exec-managerial, Prof-specialty, Handlers-cleaners, Machine-op-i
@ATTRIBUTE relationship {Wife, Own-child, Husband, Not-in-family, Other-relative, Unmarried}

@ATTRIBUTE race {White, Asian-Pac-Islander, Amer-Indian-Eskimo, Other, Black}

@ATTRIBUTE sex {Female, Male}

@ATTRIBUTE capital-gain numeric

@ATTRIBUTE capital-loss numeric

@ATTRIBUTE hours-per-week numeric

@ATTRIBUTE native-country {United-States, Cambodia, England, Puerto-Rico, Canada, Germany, Outlying-US(Guam-USVI-etc), India, Japan, Gree
@ATTRIBUTE class {>S0K, <=50K}

@data

39, State-gov, 77516, Bachelors, 13, Never-married, Adm-clerical, Not-in-family, White, Male, 2174, 0, 40, United-States, <=50K
50, Self-emp-not-inc, 83311, Bachelors, 13, Married-civ-spouse, Exec-managerial, Husband, White, Male, 0, 0, 13, United-States, <=50K
38, Private, 215646, HS-grad, 9, Divorced, Handlers-cleaners, Not-in-family, White, Male, 0, 0, 40, United-States, <=50K

53, Private, 234721, 11th, 7, Married-civ-spouse, Handlers-cleaners, Husband, Black, Male, 0, 0, 40, United-States, <=50K

28, Private, 338409, Bachelors, 13, Married-civ-spouse, Prof-specialty, Wife, Black, Female, 0, 0, 40, Cuba, <=50K

37, Private, 284582, Masters, 14, Married-civ-spouse, Exec-managerial, Wife, White, Female, 0, 0, 40, United-States, <=50K

49, Private, 160187, 9th, 5, Married-spouse-absent, Other-service, Not-in-family, Black, Female, 0, 0, 16, Jamaica, <=50K

52, Self-emp-not-inc, 209642, HS-grad, 9, Married-civ-spouse, Exec-managerial, Husband, White, Male, 0, 0, 45, United-States, >50K
31, private, 45781, Masters, 14, Never-married, Prof-specialty, Not-in-family, White, Female, 14084, 0, 50, United-States, >50K
42, Private, 159449, Bachelors, 13, Married-civ-sp » Exec rial, , White, Male, 5178, 0, 40, United-States, >50K
37, Private, 280464, Some-college, 10, Married-civ-spouse, Exec-managerial, Husband, Black, Male, 0, 0, 80, United-States, >50K
30, State-gov, 141297, Bachelors, 13, Married-civ-spouse, Prof-specialty, Husband, Asian-Pac-Islander, Male, 0, 0, 40, India, >S50K

« i * adultarff T4 § ¥ #- attribute # % = nominal

([#:- ] # * unsupervised.attribute. NumericToNominal i jjg)
&) weka.gui.GenericObjectEditor X

weka filters.unsupervised.attribute.NumericToNominal

About

Afilter for turning numeric attributes into nominal ones. More

YR AT AR (B ET 8% nominal (but FAHIAE [HLEFEE]) Capabilities

attributelndices  first-last

debug False v
doNotCheckCapabilities = False v

invertSelection  False v

Open... Save... OK Cancel

T

v 2

© 0lageff I H SR A P aE #6408 4 - [ nominal 47 %) o




Selected attribute

Name: age
Missing: 0 (0%) Distinct: 73
Statistic
Minimum 17
Maximum 90
Mean 38582
StdDev 13.64

Class: class (Nom)

[—%

Type: Numeric
Unique: 2 (0%)

Value

v | Visualize All

323m

Selected attribute
Name: age

Type: Nominal

Missing: 0 (0%) Distinct: 73 Unique: 2 (0%)
No. Label Count Weight
2 18 550 550
319 712 712
4 20 753 753
5 21 720 720
6 22 765 765
723 877 877
8 24 798 798
9 25 841 841
1026 705 705
Class: class (Nom) ~ | Visualize All
|||||| ||| ||| “lllllllll“l wn-5.31130

&) weka.gui.GenericObjectEditor X
wekafilters.unsupervised.attribute.Discretize
About
An instance filter that discretizes a range of numeric attributes in More
the dataset into nominal attributes. $§ Tﬁ\t ﬁﬁ ;E‘ El /‘j féf },_\, + pabilities
attributelndices | first-last
binRangePrecision | 6
bins | 10
debud 43+ ERERY v
desiredWeightOfinstancesPerinterval T -T.0
doNotCheckCapabilities = False v
findNumBins = False v
ignoreClass  False v
invertSelection = False v
makeBinary = False v
spreadAttributeWeight = False V
useBinNumbers | False v
useEqualFrequency | True v |

Open... Save...

FrA R E R R

Age o 2t BEHRE > & - BREOFTHIES T4k o

2= ] # * Discretize #- data :& 7B g (K T> 2 R FHEHRF) -




Selected attribute

Name: age Type: Nominal
Missing: 0 (0%) Distinct: 10 Unique: 0 (0%)
No. Label Count Weight
1 '(-inf-21.5]' 3130 3130
2 '(21.5-25.5] 3281 3281
3 '(25.5-29.5]) 3300 3300
4 '(29.5-33.5]' 3452 3452
5 '(33.5-37.5]' 3518 3518
6 '(37.5-41.5]' 3245 3245
7 '(41.5-45.5] 3008 3008
8 '(45.5-50.5]' 3167 3167
9 '(50.5-57.5] 3095 3095
1N Y87 S.inf\' 22A8 22A/8
Class: class (Nom) v | Visualize All

3518
3452
3281 3300 3245 - 3365
II I I | I i I

GL:¥ & FHEE > 38 & i2 7 NumericToNominal or Discretize i& {7 &J2 )
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i * Apriori ;% & ;* 4 association
&) weka.gui.GenericObjectEditor X
weka.associations.Apriori
About
Class implementing an Apriori-type algorithm. More
JER rule 335 Capabilities
car False v
classindex -1
delta 0.05 BTN 2k 2% /) minimum support
doNotCheckCapabilities = False v
lowerBoundMinSupport | 0.1 sSE (A minimum support
meticTypd | Confidence || I HAEHHEF (ule )
minMetri¢ 0.9 {E I metric type [N &f5%& confidence=0.9 I
numRulef 10 & L association rule A%
outputitemSets = False IR R R R itemset(FTEHY frequentlpatltern)
removeAllMissingCols = False v
significancelLevel  -1.0
treatZeroAsMissing  False v
upperBoundMinSupport | 1.0 sSE Hiee ) minimum support GE24) '
verbose  False v
Open... Save... OK Cancel

Frequent pattern s %&£ & 1~ £ B 2~ £ & 3

Generated sets of large itemsets:
Size of set of large itemsets L(l): S
Size of set of large itemsets L(2):

Size of set of large itemsets L(3): S

Association rule(¥ 35 4} 10 ¥ 40 association rule)

o




Best rules found:

1. class=<=50K 24720 ==> capital-loss='(-inf-77.5]' 23974 <conf: (0.97)> 1lift:(1.02) lev:(0.01) [407] conv:(1l.54)

2. capital-gain='(-inf-57]' class=<=50K 23685 ==> capital-loss='(-inf-77.5]' 22939 <conf: (0.97)> lift:(1.02) lev:(0.01) [358] conv:(1.48)
3. class=<=50K 24720 ==> capital-gain='(-inf-57]' 23685 <conf: (0.96)> lift:(1.05) lev:(0.03) [1023] conv:(1.99)

4. capital-loss='(-inf-77.5]' class=<=50K 23974 ==> capital-gain='(-inf-57]' 22939 <conf: (0.96)> lift:(1.04) lev:(0.03) [961] conv:(1.93)
S. native-country=United-States 29170 ==> capital-loss='(-inf-77.5]' 27791 <conf: (0.95)> lift:(l) lev:(-0) [-18] conv:(0.99)
3
5
8
9

. race=White 27816 ==> capital-loss='(-inf-77.5]' 26470 <conf: (0.95)> lift: (1) lev:(-0) [-48] conv: (0.96)

. race=White native-country=United-States 25621 ==> capital-loss='(-inf-77.5]"' 24349 <conf:(0.95)> lift: (1) lev:(-0) [-76] conv:(0.94)

. capital-gain='(-inf-57]' 29849 ==> capital-loss='(-inf-77.5]' 28330 <conf: (0.95)> 1ift: (1) lev:(-0) [-126] conv: (0.92)

. capital-gain='(-inf-57]' native-country=United-States 26699 > capital-loss='(-inf-77.5]"' 25320 <conf: (0.95)> 1lift:(0.99) lev:(-0) [-133] conv:(0.9)
10. race=White capital-gain='(-inf-57]' 25407 ==> capital-loss='(-inf-77.5]"' 24061 <conf: (0.95)> lift:(0.99) lev:(-0) [-160] conv: (0.88

« @ % Apriori ;% & /% % association(#- car 44T = true)
«  Frequent pattern =715 % :

Generated sets of large itemsets:

Size of set of large itemsets L(1): 12
Size of set of large itemsets L(2): 32
Size of set of large itemsets L(3): 38
Size of set of large itemsets L(4): 22
Size of set of large itemsets L(S): 4

«  Association rule(¥ #% I} 10 & ¢ association rule)

Best rules found:

1. marital-status=Never-married capital-gain=0 capital-loss=0 9914 ==} class=<=50K 9617 | conf:(0.97)

2. marital-status=Never-married capital-gain=0 capital-loss=0 native-country=United-States 8873 ==> class=<=50K 8601 conf: (0.97)
3. marital-status=Never-married capital-gain=0 10228 ==> class=<=50K 9888 conf: (0.97)

4. marital-status=Never-married capital-gain=0 native-country=United-States 9160 ==> class=<=50K 8849 conf: (0.97)

5. marital-status=Never-married capital-loss=0 10369 ==> class=<=50K 9921 conf: (0.96)

€. marital-status=Never-married capital-loss=0 native-country=United-States 9292 ==> class=<=50K 8883 conf: (0.96)

7. marital-status=Never-married 10683 ==> class=<=50K 10192 conf: (0.95)

8. marital-status=Never-married native-country=United-States 9579 ==> class=<=50K 9131 conf: (0.95)

9. marital-status=Never-married race=White 8757 ==> class=<=50K 8328 conf: (0.95)

10. sex=Female capital-gain=0 capital-loss=0 9779 ==> class=<=50K 8976 conf: (0.92)

R i FPGrowth algorithm
-+ #9773 attribute $& 4% = nominal > £ &% = binary

« % Discretize {4 » £ & * Nominal To Binary

Selected attribute

Name: age Type: Nominal
Missing: 0 (0%) Distinct: 10 Unique: 0 (0%)
No. Label Count Weight
1 '(-inf-21.5]" 3130 3130
2 '(21.5-25.5]" 3281 3281
3 '(25.5-29.5]" 3300 3300
4 '(29.5-33.5]' 3452 3452
5 '(33.5-37.5]' 3518 3518
6 '(37.5-41.5]" 3245 3245
7 '(41.5-455]' 3008 3008
8 '(45.5-50.5]" 3167 3167
9 '(50.5-57.5]" 3095 3095
1087 S.inf)’ 22A8 22A8
Class: class (Nom) v | Visualize All

3365

3245

3452 =8
3281 3300
3130

3187

(Discreate &)




Current relation Selected attribute

Relation: adult-weka filters.unsupervised.attribute.Discre... Attributes: 159 Name: age="(-inf-21.5]' Type: Numeric
Instances: 32561 Sum of weights: 32561 Missing: 0 (0%) Distinct: 2 Unique: 0 (0%)
Attributes Statistic Value
All None Invert Pattern Minimum 0
Maximum 1
No. Name Mean 0.096
1 _|age="(-inf-21.5]" StdDev 0.295
2[ ) age='(21.5-25.5]'
3[ ] age='(25.5-29.5]'
4[ Jage="(29.5-33.5]'
5[ Jage='(33.5-37.5]'
6 |age='(37.5-41.5]'
7( Jage='(41.5-45.5]'
8 |age="(45.5-50.5]' Class: class (Nom) v | Visualize All
9( ] age='(50.5-57.5]'
10 | age="(57.5-inf)'
11| workclass=Private
12| workclass=Self-emp-not-inc
13 [ | workclass=Self-emp-inc
14| workclass=Federal-gov
15 | workclass=Local-gov
16 | workclass=State-gov
17 || workclass=Without-pay
18 | workclass=Never-worked
Remove nonunonoooononunnooononoucooa.
IO_____"'S_____!'

(Discretize £ Binary 15 : 12 p* & Type :B 7 #_binary)
« f & * Numeric To Binary
&) weka.gui.GenericObjectEditor X

weka filters.unsupervised.attribute.NumericToBinary

About
Converts all numeric attributes into binary attributes (apart from the More
class attribute, if set): if the value of the numeric attribute is exactly Capabilitics
zero, the value of the new attribute will be zero. P
attributelndices = first-last
debug | False v
doNotCheckCapabilities = False v
ignoreClass | True P1E class FE8 #aa B v |
invertSelection = False v
Open... Save... OK Cancel

RS

+  FEEu3% 5 Nominal > ¥ ¥ 5 binary e




Selected attribute
Name: age="(-inf-21.5]'_binarized | Type: Nominal |
Missing: 0 (0%) Distinct: 2 Unique: 0 (0%)

No. Label Count Weight

10 29431 29431
2 1 3130 3130

Class: class (Nom) v | Visualize All

29431

« i¢ * FPGrowth ;# & ;# 4 association(#- car i |#.:2 & true)
&) weka.guiGenericObjectEditor X

weka.associations.FPGrowth

About
Class implementing the FP-growth algorithm for finding large item More
sets without candidate generation. Capabilities
delta 0.05
doNotCheckCapabilities = False v
findAllRulesForSupportLevel = False o
lowerBoundMinSupport | 0.1
maxNumberOfitems | -1
metricType | Lift v
minMetric | 0.9
numRulesToFind = 10
positivelndex = 2
rulesMustContain
transactionsMustContain
upperBoundMinSupport | 1.0
useORForMustContainList = False v
Open... Save... OK Cancel

. 5 41 577 association rule:
ex f8% 5 8 A (27816 % )& R A (25621 ~ )E & 4p B b‘.%‘r : 1ift(1.03) -

FeGrowth found 18 rules (displaying top 10)

1. [race=White binarized=1]: 27816 ==> [nati i _binarized=1]: 25621 conf:(0.92) <lift:(1.03)> lev:(0.02) conv:(1.32)

2. i i ,_binarized=1]: 29170 ==> [race=White binarized=1]: 25621 conf:(0.88) <lift:(1.03)> lev:(0.02) conv:(1.2)

3. [capital-loss='(-inf-77.5]'_binarized=1]: 31042 ==> [nati y=uni ,_binarized=1]: 27791 conf:(0.9) <lift:(1)> lev:(-0) conv: (0.99)

4. i ,_binarized=1]: 29170 ==> [capital-loss='(-inf-77.5]'_ binarized=1]: 27791 conf:(0.95) <lift:(1)> lev:(-0) conv: (0.99)

5. [capital-gain='(-inf-57]'_binarized= 5845 [native-country=United-States_binarized=1]: 26695 conf:(0.89) <lift:(1)> lev:(-0) conv:(0.59)

6. i i ,_ binarized=1]: 29170 ==> [capital-gain='(-inf-57]' binarized=1]: 26659 conf:(0.92) <lift:(1)> lev:(-0) conv:(0.98)

7. [capital-loss='(~inf-77.5]'_binarized=1]: 31042 ==> [ ite_binari 1: 26470  conf:(0.85) <lift:(1)> lev:(-0) conv:(0.99)

8. [race=White binarized=1]: 27816 ==> [capital-loss='(-inf-77.5]" binarized=1]: 26470 co .95) <lift:(1)> lev:(-0) conv:(0.96)

5. [capital-loss='(-inf-77.5]'_binarized=1, capital-gain='(-inf-57]' binarized=1]: 28330 ==> [nati y=uni _binarized=1]: 25320 conf:(0.89) <Lift:(1)> lev:(-0) conv: (0.98)
10. i y=Uni ,_binarized=1]: 29170 ==> [capital-loss="(-inf-77.5]'_ binarized=1, capital-gain='(-inf-57]' binarized=1]: 25320 conf:(0.87) <lift:(1)> lev:(-0) conv: (0.98)







