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Auto Mode!

Load Data Select Task  Prepare Target  Select Inpuls @
& —g- @ -9 >

Select Inputs
« RESTART { BAcK ) NEXT Here the focus is on the quality of your data,

specifically the quality of each column of data.
You may want to consider discarding data
columns (Altributes) that provide less value.

Selected: 8 / Totak 11
How do you know which Aftributes are valuable,
and which are worthless? A key pointis that
@ DeselectRed DeselectYelow | o Selectan | P Deselect A you'e looking for patters. Without some
variation in the data and some discemible
pattems, the data is notlikely fo be useful. A
Name Correlation 1D-ness. Stabillty Missing Textness quick summary of things fo look out for (more
details below) indudes:

= ® (C) Columns that too closely mirror the

target column,
® (1} Columns whera naarly all values are

Ticket Number
® (S} Columns where nearly all values are

® (M) Columns with missing values;

Cabin - 203 74 27 ® (T) Columns which look like they
contain free lext.

To help you make a decision, we indicate the
Life Boat Afirioute valug with a color-coded status bubdle
(red/ yeliow | green). Details are provided by the
quality bars (C/1/ SIMIT). As a general rule, it
Is a good Idea lo deselec at least hose
Afirioutes that have a red stafus bubble The input
for the machine learning model will only Include
he selected Aftributes.

Passenger Class

sex 2 ——
. -
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Turbo Prep TIZIHIIC [Clense] *&Z v %27V v 7 LTHh b, LEfllo [Auto Cleansing]
ATvavkrs)yr3sZ e THHTEET:

Turbo Prep

Data Sets Titanic

Add new data sets on the left. Details for the selected data are shown below. You can change the data with the following actions. |

<+ LOAD DATA X TRANSFORMI <" CLEANSE I [E GENERATE X PIVOT 2+ MERGE

| Prepare your data for later modeling - or let RapidMiner perform an automatic data cl i I
Titanic
NSamples/data/Tianic
Rows: 1.309 Passenger Cl... [Name Age
G ry Number
Columns: 12
Last Change: None Allen, Miss. Eli...  Female 29 0 0 24160
First Allison, Master.... Male 0.91670000 1 2 113781

Turbo Prep
Cleanse Titanic
Select a column to clean (hold Shift for selecﬂng arange of columns; Ctri for (stelecllng multi DIE columns; Altto select all columns
0 columns selected CANCEL

data quality p
e

learning models are used

ially useful before
e ey

First Allen, Miss.Eli..  Female 29 0 0 24160

[ REMOVE CORRELATED
First Allison, Master...  Male 0.91670000 1 2 113781
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'!agﬂ,l Auto Cleansing

ID like

Allen, Miss. Eli...

Allison, Master....
Allison, Miss. H...
Allison, Mr. Hud...
Allison, Mrs. Hu...
Anderson, Mr. ...
Andrews, Miss ...
Andrews, Mr. T...
Appleton, Mrs. ...

Artagaveytia, Mr...

Female

Male

Female

Male

Female

Male

Female

Male

Female

Male

Define Target  Improve Quality

e

No of Sibling...

Hame Sex Age
Category Number Number

0
0.91670000 1
2 1
30 1
25 1
48 0
63 1
39 0
53 2
7 0

i

(o

24160
113781
113781
113781
113781
19952
13502
112050
11769

PC 17609

This table is just for your information. RapidMiner will automatically remove the columns highlighted below since they have a very low quality for machine learning. We
will also replace all missing values for the remaining columns.

No of Parents... Ticket Number |Passenger F... [Cabin
Number Number Category

211.33750000

151.55000000

151.55000000

151.55000000

151.55000000

26.55000000

77.95830000

0

51.47920000

49.50420000

Many missing

C22C26
C22C26
C22C26
C22C26
E12

D7

A36

Cc101

INOLD2OoDF T g vIdfEMTT 2,

FrdbEhflHcE IEA,

Z OEF ZEBER H oy D 7 u & A CEHT 3 ICiT,
EHCc& 3,

TurboPrep & [A U AIECRIMEL £9°,
+2L, BIFAICEDE T ) —=v 7 7ux 2 &dlfilcd £3,
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Process

) Process » PORyC)

lliw
bm ]

4 @ W

Retrieve Titanic

inp c out
v

Filter Attributes

inp -<: out s

inp out res

Set your label Filter Attributes
attribute based on "Quality
Measures”
(Subrocess 1) or
not (Subrocess 2).

9. Bl 1201 T[990 ] ofElZ 5225 X51CL T3 wn, Z5LAane,
[#HES] (Correlation) D SEHIEEZER CT& T/ A,

Row No. Survived Passenger ... Name Sex Age No of Sibling...  Noof Parent.. TicketNumb.. Passengerf.. Cabin PortofEmb..  Life Boat
1 Yes First [ Allen, Miss. E. [ Female [ 29 [ o [ 0 24180 21133750000 B5 Southampton 2
2 Yes First Allison, Mast Wale 0.91670000 1 2 113781 15155000000 C22C26 Southampton 11
3 Na First Allison, Miss. Female 2 1 2 113781 15155000000 CZ2C26 Southampton 7
4 No First Allison, Mr H_ Male 30 1 2 113781 15155000000 C22C26 Southampton 2
5 No First Allison, Mrs. Female 25 1 2 113781 15155000000 C22C26 Southampton 7
6 Yes First Anderson, Mr. Wale 48 (] a 19952 2655000000 E12 Southampton 3
T Yes: First Andrews, Mis. Female 63 1 o 13502 77.95830000 o7 Southampton 10
8 No First Andrews, Mr....  Male 3 o 0 112050 o A36 Southampton ?
¢ Yes First Appleton, Mrs. Female 53 2 a 11769 5147920000 C101 Southampton D
10 No First Artagaveyiia, Male 71 0 0 PC 17609 4950420000 7 Cherbourg 2
1 No First Astor, Col. Jo..  Male 47 1 0 PC 17757 22752500000 C62C64 Cherbourg ?
12 Yes First Astor, Mrs. Jo. Female 18 1 o PC 17757 22752500000 C62C64 Cherbourg 4
13 Yes First Aubarl, Mme... Female 24 o o PC 17477 £9.30000000 B35 Cherbourg 9
14 Yes. First Barber, Wiss. .. Female 26 o a 19877 78.85000000 ? Southampton &
15 Yes First Barkworth, Mr...  Male a0 o o 27042 a0 A23 Southampton B
18 No First Baumann, Mr.  Male 2 0 0 PC 17318 2592500000 7 Southampton 2
17 No First Barter Mr. Qu..  Male 24 o 1 PC 17558 24752080000 B58 B6O Cherbourg ?
18 Yes First Baxter, Mrs. J. Female 50 0 1 PC 17558 24752080000 B58 BSO Cherbourg ]
19 Yes First Bazzani, Miss.. Female 32 (] o 11813 76.29170000 D15 Cherbourg 8

ExampleSet (1,309 examples, 1 special attribute, 11 regular atributes)
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FDH%, T—RIIHEETIANZ) VDT RICADVET, T4 E Y v IS0
2B ZDBEZDLIIHERLE LD, BFATEZTHEE A,

Process
€ Process » Filter Attributes » L P W = i @ @
A
Multiply Select by Weights

- | T |
L inp ’ out p
i out

inp
v
Weight Attributes by Quality Measures
i in E= out )
‘I in out )

[Select Subprocess] F =L — % — (Z Z Tl Filter Attributes & ZRTZ#Z 2 T\ T)
NIZZDXHIC3DDEENERAT v 7T TARL — X —%EL T

1. 7—2%EHL I (Multiply AL —%—)
2. [Quality Measures] XL —%—T, 7412 ) V7T HRYELENLE T
3. [Selectby Weights | * =L —X —%fiH L CREZ 74 V2 ) v LET

[ Weight Attributes by Quality Measures] & FEEN/- 2 BHDO R T v 7T, 1ZEALD
EE%fToTCnE 9,

Process
) Process » Filter Attributes » Weight Attributes by Qual... » P L 2B Hia@ [
Quality Measures Filter Examples Generate Attributes  ExampleSet to Weig...
in exa exa exa exa exa - exa i exa = wei out
in ﬂ J F ? ori T :1 on"F j 1 : ariF out
T unm ¢ E J
v
Default values are
based on
information

provided in the
"Help View" box of
the "Select Inputs"
page of Auto
Model.
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RIS, WEHIEMESFHE I T, R (UTIER) Kid, T 7 — X D& FEE
DITE, ZORHFHEEONENEMICET 2 ERIEETNT T,

Row No. Attribute Correlation ID-ness Stabillity Missing Text-ness
1 Passenger Class 0.09763710 0.00229183 0.54163484 0 0.02392666
2 Name 0.08632738 0.99847212 0.00152788 0 0.78673797
3 Sex 0.27951638 0.00152788 0.64400306 0 0.02145149
4 Age 0.00308164 0.05500382 0.04493308 0.20091673 0

5 No of Siblings or Spouses on Board Jj 0.00077424 0.00534759 0.68067227 0 0

6 No of Parents or Children on Board J| 0.00683260 0.00611154 0.76546982 0 0

7 Ticket Number 0.08463433 0.70970206 0.00840336 0 0.35536542
8 Passenger Fare 0.05966562 0.02444614 0.04587156 0.00076394 0

9 Cabin 0.05095917 0.14209320 0.02033898 0.77463713 0.27311488
10 Port of Embarkation 0.00905755 0.00229183 0.69931140 0.00152788 0.04739947
1" Life Boat 0.59374771 0.02062643 0.08024691 0.62872422 0.03197988

% D%, [Filter Examples] AL —X —%HHLCT7 4 V2 T 203D D £
T, ZIHTNE, R LZVWEIEZ I 2KV T, XLk H>ickLz2FETHY
g

'!—%’JJ Edit Expression: parameter expression

Expression

I (stabillity > @.9) ||

2 (Missing > 0.7) ||

3 (Correlation < 0.8001)

4 (Correlation > 8.95) ||
Te

5 ([ID-ness] > 0.9 && [

E:ﬁ]

xt-ness] < 9.85)

Info: Expression is syntactically correct.
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Auto Mode!

Load Data Select Task  Prepare Target  Select Inputs
- - L3 = Select Inputs
« RESTART  { BACK ) NEXT Here the focus i on the guality of your data,

specifically the guality of each column of data.
You may want to consider discarding data =
columns (Aflibutes) that provide less value.

lectes: 8 | Totak 11
Selected: 8 / Totak How do you know which Atributes are valuable,

and which are worthiess? A key point is that

@ DeseleciRed DeselectYellow || o Selectan | P Deselectan youTe looking for patiems. Without some

\variation in the data and some discemible

pattemns, the data is not likely fo be useful A

Name. Correlation D-ness stabity Missing Textness quick summary of things fa look outfor (more

details below) includes:

. ® (C) Columns thattoo closely mirror the
targel column,

® (1) Columns whera nearly all values are
different,

@ (S} Columns where nearly all values are
identical

Ticket Number

® (M) Columns with missing values,

Cabin 10 142 203 7748 273 @ (T) Columns which look like they
contain free ext.

To help you make a decision, we indicate he
Life Boat 9.37% ) e 3 02% 2875 320% Afirioute valug with a color-Coded status bubdle
(red fyaliow | green). Detalls are provided by the
quality bars (C/1/S1MT). As 2 general rule, it
Is 3 good Idea lo deselect at least ihose
Afirioutes that have a red stafus bubble The input
for the machine learning model will only Include
e selected Atirbutes.

Passenger Class.

=

Tt |.§

Z D%, [Generate Attributes | =L — & —Z%fHwvs, FH L < weight FZ1ERK L £,

Row No. Attribute Correlation ID-ness Stabillity Missing Text-ness weight
1 Passenger Class 0.09763710 0.00229183 0.54163484 0 0.02392666 1
2 Sex 0.27951638 0.00152788 0.64400306 0 0.02145149 1
3 Age 0.00308164 0.05500382 0.04493308 0.20091673 0 1
4 No of Siblings or Spouses on Board 0.00077424 0.00534759 0.68067227 0 0 1
5 No of Parents or Children on Board 0.00683260 0.00611154 0.76546982 0 0 1
6 Passenger Fare 0.05966562 0.02444614 0.04587156 0.00076394 0 1
7 Port of Embarkation 0.00905755 0.00229183 069931140 0.00152788 0.04739947 1
8 Life Boat 0.59374771 0.02062643 0.08024691 0.62872422 0.03197988 1
E—
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KT, [ExampleSet to Weights| + =L — % —ZfHHL T, ¥~ 7Lty b & [weights
vector | ICE#AL F L 7=,

w#&ic.  [weights vector] .

attribute weight
Passenger Class 1
Sex 1
Age 1
No of Siblings or Spouses on Board 1
No of Parents or Children on Board 1
Passenger Fare 1
Port of Embarkation 1

Life Boat 1

BIRFT 2720 AL ET,

Row No. Survived Passenger Class
4 Yes First
2 Yes First
3 No First
4 No First
5 No First
[} Yes First
7 Yes First
8 No First
8 Yes First
10 No First
11 No First
12 Yes First
13 Yes First
14 Yes First
15 Yes First
16 No First
17 No First
18 Yes First
19 Yes First

Sex Age No of Siblings or Spouses on Board No of Parents or Children on Board
Female 29 0 0
Male 091670000 1 2
Female 2 1 2
Male 30 1 2
Female 25 1 2
Male 48 0 0
Female 63 1 0
Male 38 0 0
Female 53 2 0
Male il 0 0
Male a7 1 0
Female 18 1 0
Female 24 0 0
Female 26 0 0
Male 80 0 0
Male ? 0 0
Male 24 0 1
Female 50 0 1
Female 32 0 0

ExampleSet (1,309 examples, 1 special atiribute, 8 regular afributes)

ZOHINE, BEICLUTEHITE LD,

[Select by Weights | F <L — & —25Bi5# 4 3 F ¥ E %

Fare Port of Life Boat
21133750000 Southampton 2
15155000000 Southampton 11
151.55000000 Southampton s
151.55000000 Southampton ?
151 55000000 Southampton ?
26.55000000 Southampton 3
77.95830000 Southampton 10
0 Southampton ?
51.47920000 Southampton D
49.50420000 Cherbourg ?
227 52500000 Cherbourg ?
227 52500000 Cherbourg 4
£9.30000000 Cherbourg 9
78.85000000 Southampton 6
30 Southampton B
25.92500000 Southampton ?
24752080000 Cherbourg ?
24752080000 Cherbourg 6
76.29170000 Cherbourg 8

7Y VI CHEALEZY TE T T,

DlEoehyFeEEO 7o 2cd [WEHAE] 2EITHKL L5cR) 5T,
ZIE, AL TAHRTLET W,
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