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RapidMiner ZE>TT -4 MZI8HZDH . TDMDEVFETITOINEIMNENST A— T
)L (Auto Model) (FEEEOETIVERMERZLOEHEC, TUTHIRIETIIENTEET A—ME
7). (Auto Model) (& RapidMiner Studio OBEEDILEEHEETHD. [TOTADIBEIPLIET
IV - 1REE | DRERZNNRE B ET . REBNTVDILD—DELT. BEITIERRUIZET IV ZB S
OF THEIEIFZLERIRETHD. VERRUILET IUCFZIMNZBIENTEET . YERRET IV T Sw IR
YIS B EELET

A= RNEFINEIDHTERBECH LT, 3 207 70-F2RELTVET,
-Prediction(Filll)

-Clustering(732X45Y>%)

-Outliers(4+hfi#)

FROHTT)-Tl& DIEMRELOFREOM S ZFERT DENTEET ., DD, BEIHDFEH
(CLBETIMERRZITOZEICERLET . A—METIVET —5%5HM I 2 20T . RIBEARROID
OREET I ZRMU. ETINOERE LR - ARET T D EDFNIZITVET,

A= NEFTINFERZFDBZIIBEI TR TA=T 7322 DISRBTSIBRI D ENREET
HDAEBOOSYIDFERZIBAFI D EEINIET . EARN(C(IEERIRIAZ O BIRIEERIN
EEFTIVCE DL FRUBEDS 21 —23>% (T3 EBRIRET T,

ISRAFVYI0HFTI)-Tl. EICBERUFBICLZETIERZBEMELET . IEERIRENIT —
AUNRWEE. BIVIEE TELKOND/ NI -2 hFE S DL ZENSDILWMBERECAVET, 75X
AV EDT =T eENe &I —T ORI RIL T 2HEEEBIR X TLBD T JIL—TO%F%
EZRIZDAZIEFT,

AnfEDOHTIU-TE. SMUEDIE (Outlier Detection) ZITWET, J)L—TARDIFEDE
Rt (FRRDZFEENNHONIBRICHNBET —5 (Outlier)E UTIRHE T ZENTEE T, IR (L.
Web —/\-BfDFFED 1 —/\-HEERUIIANIZUIEL TVBLORMGEZIREL. cnZEY
TU—AITRENHITZENTEET,
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A= REFTINREDISIAEIONEARRRA A -2 BIRA T B LUTFTE F19ZvISTOE
FEOT -y eE>T. BEIETIWMERZITVEY, AT 3/9(C. RapidMiner Studio ®—
B L (CHINIZIRUTA—METIE1—2RIRUE T

TF—HER

A= FETIADRFDATYTFURS NICHDT -y bDIBED—D%EIRTZE T, HL. UK
SNOR(ERLIZVT —IDRFNERD)->—FE T O"import new data” EEVTWRUL )%
DIvILET . SEIDFITE. J19-yI5DT -ty NE sample—data DIECRFTZHRICR DU
BIENTEFT . COT—FYMEEIRL, ZUTRIU-TFEBCHD Next MRI>=IUvILET,

(X X)) <new process> — RapidMiner Studio Large 9.3.000-BETA2 @ ksknoMaBookpuro
H - » - B i FHAY R Turbo Prep  Auto Model 2| swdiogt v
Auto Model Information
A
Load Data Perfect models in a
® few clicks
> NEXT Welcome to Auto Model. We will help
you build the perfect model for your

data, including data preparation and
model optimization. The result is not
merely a black box, but a RapidMiner
5 5 . . Process that you can examine and
Recent Data Sets Select Data for a New Model T b GO
production -- as you like!

Titanic R M peats R
I H Deals-Tesset Information Select Data
M corr
Titanic Training B Golf-Testset Name: Titanic To create a model, the first step is to
e 5 Number of rows: 1,309 pick aldata sef. You can plck any, data
Iris (v Number of columns: 12 you like from the repository browser
I encine data v B Lavor-Negotiations Source: //Tutorials/99 Data/Titanic ey Byt
M Market-Data set, click Next at the bottom of the

M polynomial ) . SIee
Attributes / Columns

Load Results

M products 1
No results have been stored so far. Select a B Purchases Passenger Class, Name, Sex, Age, No of Siblings or Spouses Introduction Video
data set above to start a new Auto Model Bu on Board, No of Parents or Children on Board, Ticket P
run or select a folder with results below. Ripley-Set Number, Passenger Fare, Cabin, Port of Embarkation, Life Model & Valicate

M Sonar Boat, Survived N\

M Titanic 1) ¥

M Titanic Training 1)

Auto Model - Classification

M Titanic Unlabeled
B Transactions
M weighting

First time?

SELECT RESULTS FOLDER ( IMPORT NEW |).\I‘:\] You s
L J . )

heck out the video above

to work with Auto
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VT 3 DDEBARIOFNSBHIDIR)EEIRLET .

EABIEFDRBBZERRUZ VDN ERDDIBENHDET . A—MET

AFTB(FIDEZ FRILZL?)
-’751’5"))’]“(?—’90)'4373‘5’]“)L—T%EEE..,\ULL,\?)
B (T I DR NSIMUBZARBUIZ?)

HLAZYISTOEFEEZFRURVD T, SEIOT—IT(E Predict BRI ZINETT, LT
Next Z7UvJd3Hi1C"Survived”"5=I)wIUFET , FRIFTROFIHNA
BU. Next R9>=29UwILET,

Auto Model

Load Data Select Task

[ ——

{ RESTART { BACK ) NEXT

Predict

Want to predict the values of a column?

No of Parent:

Number

0

N7 1 2
1 2

1 2

1 2

0 0

1 0

0 0

2 0

0 0

1 0

< f a

113781

113781

113781

113781

19952

13502

112050

11769

PC 17609

PC 17757

<new process> — RapidMiner Studio Large 9.3.000-BETA2 @ ksknoMaBookpuro

Clusters

FHL ¥

R

Want to identify groups in your data?

211.338

151.550

77.958

0

51.479

49.504

227.52

&

C22 C26

C22 C26

C22 C26

C22 C26

El12

D7

A36

C1o1

C62 C64

ren e

Turbo Prep

Auto Model

Outliers

Want to detect outliers in your data?

abin Port of Embar.
tegory Category

Southampton
Southampton
Southampton
Southampton
Southampton
Southampton
Southampton
Southampton
Southampton
Cherbourg

Cherbourg

11

?

?

?

3

10

?

Boat Survived
ory Category
Yes A

No

No

Yes

Yes

No

Yes

No

No

L>SBICROTVWSI Lz

AP | studio#T ¥

Information

Select Task

Perfect, you have selected a data set.
Now you will decide what type of
problem you would like to solve.
Select one of the three tasks at the top
before clicking Next. Here is some
guidance:

® Predict: Select this task if you
want to predict the values for
one of the columns of your
data, and identify the column
by clicking on it. We will
build a machine learning
model which predicts the
values of this column based
on the values of the other
columns.

@ Clusters: Select this task if
you want to group your data
into clusters. The goal here is
not to predict the values of a
single column, but to find sets
of data points that are close
together.

® Outliers: Select this task if
you want to find unusual
points in your data. The goal
here is to find individual data
points that are far away from
all other data points, possibly
because of errors in data
collection or because of weird
or unexpected behavior.
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“Survived”(d. "Yes"FIZ(& "No” OZDODEUL/MFOTLRLDT, SEIOHETD MBI
DFEI. LV TLDIBEE, DEERIREDY. BISRCTHIERBeRIBE)372F~UES, 107
SR LD (F, RET —YBFERD 10 J5AAINERREINET,

CCTEBRILE. NIET I TRUNEINZHEERTHIETT . A— METILICEDERERIZ1T
SIHE(C IERT—INEAEON 99%. BET —INEHROA 1%UNMRWNSENGELFT . CO
HE. BSNRARIIET —HLHIMTEE T NIET—IDNIRZITO LT, €T IUWERZEITONE
W&31h. 5—5Y MOERBERFET, TR RIIORNGEESNTFE TEINEINCOEIE THRET
ZMAET

[ X X ) <new process> — RapidMiner Studio Large 9.3.000-BETA2 @ ksknoMaBookpuro
H - > - B wii: | P4V R Turbo Prep  Auto Model # #7 P sudiogT v

Auto Model Information

Load Data Select Task  Prepare Target Prepare Target
P———e——) OK, you're solving a classification

problem. A bar chart shows the

« RESTART ¢ BACK T G A MGG R
At most 10 classes are shown, the 10
classes with the most data points.

If these are the classes you want to
predict, and everything looks fine,
click Next at the bottom of the screen.

If there are only two classes, you may
choose which of the classes is of
highest interest to you, and the
performance measures for each model
(displayed later, together with the
results) will show specific
performances for this class.

Map to New Classes

[}

Sometimes you may want to rename
some of the classes. You may even
want to group several classes together
and treat them as one. In either case,
Class of Highest Interest: Yes v select Map Classes to New Values, and
create suitable mappings. Hit the
Enter key after entering a new value,
and the bar chart will display the new
values.

() Map Classes to New Values

First Time?

If you selected the Titanic data in the
eps, you do not need to do
anything in this step. Just click on

v

-Class of Highest Interest

ROBERIFAGBOERZENIZRICEECRDEFT, REQRS5. "Precision(15E )"
& "Recall(BIRZE)"OLSRMEREMEXESSDI AN Positive(B A ) "IMERNEWSTEILHTFLT
WBANSTT, SEIDFIIZYISOFINFTIE, REEERISR(E"Yes"TI,

-Map Classes to New Values
COATYIE"Yes"E"No" ML OMDABEICKT L T EREEZmEZ I BEDATS AV TY,
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SEHA>Tyh&ENlzT =T OETHIFRIZITSILZBIT TNZNDI TEHDER A, LKOHDFI%
EROBRCC LI TETIMERRDAE — REm L&, NTA—Y D RDRE(EIITHIENTEET . U
HU. EDLSICLTZDOHIBIZ FREVWTULIN ? F—RA> NI -2 12 ROFE I CECHDF
T o WHRT —HCHBFDZEALEVONDHETRTED/(F— 22 BRN T, FRICIEIIEEICRVT —5%ER
DEREXT

BB EDHDHZ RO ITCHICLAT O 4 DOFIEROIRBLELT, [7R]. [E] [#&IDAT—
SZNTNFRUET .

- FRABIROFIEETHILAUTNSS (FARIRFIEDRD5REREN' % SD)
{FEAEETOENERS(. ID 12E)

(FEAEETOENBIU(—EM)

- RABEZZ A TVS(RIEE)

A=MEFTNTRUTOBAOISICIKREEDFEINTRAT—HRNTINTERNLET . —AREIRIL
=L TR PIEBTREONTINOFNEHNTDEFRVEZTIN, BEODVWTIBEETAUERT
HBENHDFY .

(X X} <new process> — RapidMiner Studio Large 9.3.000-BETA2 @ ksknoMaBookpuro

H v » - B FHA R Turbo Prep Auto Model 0O | sudiosT v
Auto Model Information
A
Load Data Select Task  Prepare Target  Select Inputs Select Inputs
. . ‘ ‘ Here the focus is on the quality of your

data, specifically the quality of each

@ RESTART ¢ BACK  [[SYRNBNY column of data. You may want o

consider discarding data columns
(Attributes) that provide less value.

Selected: 8 Total: 11 How do you know which Attributes are
valuable, ich are worthless? A

@ Desclect Red Deselect Yellow || o Select All | 9 Desclect All poi u're looking for
Selected Status Quality Name Correlation ID-ness Stability Missing Text-ness a
- A summary of things to look out A r (more
. Name 9.8 ) details below) includes:
—
® (C) Columns that too closely
= -
— n,
. Ticket Number
—
.
® - Cabin
—
-
—
' - 3
7 - Life Boat ).3 ( ® (T) Columns which look like
— n
¥ they contain free text.
= e
. To help you make a decision, we
s [ ] — Passenger Cla indicate the Attribute value with a
' color-coded status bubble (red / yellow /
fr— green). Details are provided by the
- PY Sex quality bars (C/1/S/M/T). Asa
general rule, it is a good idea to deselect
i v at least those Attributes that have a red
< >
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[(FRWRFT—=5Z2N T ]

12y )5 DIBE . “Name(K%&) " Ticket Number(Foybh&ES)"N ID (CHHEHULFT,
“Cabin (BZE)"MERRLZ(DREFTRIBLTVET, TOZHH, N5 3 DOITHTRVZAT—FZN
TIWERBHTHED, EFIVBERI ZBRRIN T IBENGDET NI-22FERIBILICBNT, RV
F=AZNTNENOEDIEIIIEET .

(BEEOXT—-FZNT)]

“Life Boat(Fapf) " (EEEBOAT—FANTILER>TVWEI N, ZNECOFINSEIOF AT RT —
ATHB"Survived(4FE)"EE<BIELTLBNSTY, “Life Boat”t"Survived”(d5E5E LR
FBTIODT, “Life Boat"iTh'bT —A%ZERDIRE, U TEFBEOERNRBIRNSET N Z/ERL T
HEULD.

WPUEWMREZDE. BT INEHEIZIL TADICAEIIDNEIN DR R TYERRZED TUKIET T, BE
(FSECIERMECTRZ DEDONEIHZRN D EETERVD T, FTEBFCIZIIBEEA. UDU. Fovh
(CENKBLVDRIEEZIAINE WS ERTIEZ BT INEIN VDL, FTRIELFETAIZIENTE
9.

COBIET(E. HRIEFEBORT—IZANT N EHEO TS  Life Boat"Z9IARET. LT Next %
FUET,
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ETIVDER

A= FETIEREEDHZET IERZIRHLTNE T, BREIFKINGZHTE, WROT—-Fvh
(CXFLT 9 DOTINTUXLZE>TETIVER. REEZITVET . ETIVBENERNZE/NTA—T2R
BEEEU RAMAT 2 #IBRUE T S URETIVOIEREME (Accuracy) FIABETZDCH
H3E5fE (Run Time) DESSZBTT DN, fERZHECEDB B TROZERDEFT, A—H
EFINTHAEEBNBZBERCVERCUNELCEZBNIET .

A=PEFWEATD 9 DO7NITUXLZREUES . T-Iybe7INTUX L0 ZER I DI
OIC. #7FZ. FERRIZ. BEEREIE. R (L—Ib) D&SRELZRIATOT7ITIZLNAERENTVET,

- .| FFA v i Turbo Pre Auto Model
H > [ 7 R D
Auto Model
Load Data Select Task ~ Prepare Target  SelectInputs  Model Types
P Py o o P
@ @ @ . 4 ®
 RESTART ¢ BACK [ SUON
N

Execute on: | Local Computer . Q Naive Bayes a Extract Date Information

@) Generalized Linear Model () Extract Text Information

/| Use Regularization

@) losistic Regression

@) FastLarge Margin
rm 7 Automatically Optimize
' (P Automatic Feature Selection
3 |
4 |
>
rm
'
rm @) Random Forest

7 Automatically Optimize

() Gradient Boosted Trees

7 Automatically Optimize

@) support Vector Machine

~ Automatically Optimize

Column Analysis

() Correlations between Columns

@) !mportance of Columns

M\ Bnlain Predictione
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(AEEINTVS7ILIUXLA]
cFA-TRAX

- —RACERELET L

-0 R71v7ElF

TPANS=IX->

TA=T5-Z7
SREAR
I LTALA

“BfLT - AT REAR(XGBoost)
“HIR— YIS

Iz, 9.0 DABFFRIREITHBEDEMENZLSCARDFELR, FIZE, LELoBEEOARAICHD
[Automatic Feature Selection]. [Automatic Feature Generation](d. BEITZEHUEIR

(ERk) ZITOMEBETY . EfTICIFRIZE T30, BREFIRZIETEIZEVVNBLNERA. D
T(Z&H3 Column Analysis Tld. BRICIBET, ZERIOERE. EEREH. FHETIVET
BDREHOHRBHZET7INTYNTNET,

ZOENOFTUVHEREEL TR, EITIREZRDICHICEITIRIEZIEIRI ZENTEET ., T
Local Computer Z:&EIRUTWEI N Server L3EHL TUONIE. Server lITEITIBZIEERIEET
9. sTERRIZIEME I 2155, Server AITETEI3E(CRBTULD.

Run Z#HUETIVZBEL. BREERKLET.
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ETFVDFER

EITHERZ1B2F CLURLERRZELEFT . &= LB Accuracy F&7ITVXLDIEEZRZRL
THN. BRIFETINTVALDIEERZEH I 2F TICEULKEZEKRL TVET, F8/\— (LT
ROFTEDAT—HAZIBILTHD, Stop MIARTETETIMERZIEDHDENTEET,

SEOfERERDE. 174 DETIVMEREN. L2 9 DOV IV LD TROIEERNEH O
EDODHEDFERNMEEINTVET . EE5RARZEIREE (Cross Validation) (FZEMEETI

SEOT—-ITlE TOFLTALARDIEEEN 80.0%EEbEL. STEIFMEVSEIREIMZ LT
A =T RA ZDETERFRENREVEIC 78. 3%t%b\IEK>T<b"?%Bﬂ'Cb\é:tb“%'cﬂyniﬁ“o —5AT.
REAREARDZEE (Maximum depth) 4 DIFEH, —HBIEEERNFV (77.9%) EVFERH
=YW N J&IE?R(MEO)TJLj'JZA&tl:/\ZatJ:?(%ﬂU'C%‘CMEL\&EZ%@“O

Auto Model
Load Data Select Task ~ Prepare Target  SelectInputs  Model Types Results
@ @ @ @ @ L
« RESTART { BACK 3, EXPORT
Results Overview
¥ iy Comparison 2 Total number of created models: 174
Overview
ROC Comparison Accuracy Runtimes (ms)
~  Naive Bayes 75% | R
: 20,000 -3
Model 50% | E 150 =
Weights B 2% = 10,000 l
Simulator 0% ] o] & o o o ‘ .
Performance - o < S . .
o N & <& & N & & &
Lift Chart S e &
- & R N o
Predictions W F g 5 o SEERN A N
» , Generalized Linear Model
Accuracy v Model 1 Accuracy Standard D... ~ Total Time Training Time (1... = Scoring Time (1,...
» , Logistic Regression Naive Bayes & T83% + 1.7% 482 ms 3ms 11 ms &
Decision Tree 77.9% +4.8% 761 ms 4ms 13 ms
[ Fast Large Margin
Generalized Linear Model 77.9% +2.8% 782 ms 84 ms 11 ms —
~ , Deep Learning Logistic Regression & T7.6% +2.9% 812 ms 78 ms 8ms
Model
Fast Large Margin 77.6% +2.4% 2s 70 ms 19 ms
Weights v
< I > Deep Learning 79.2% +4.4% 4s Is 36 ms
SAVE RESULTS Random Forest o 80.0% +4.9% 275 78 ms 214 ms v
< I >

PUFTE. LicoEmEmnARl (Result) ((FRR&N? Weight. Performance (COWTHRERZIT
AF
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[Weight]

Random Forest ® Weights ZR%¢. EEREHNSIEEICATVET ., SEIDT Iy T
(F. HRINEBRZEIUI O TVBIENER TEET,

Random Forest - Weights

Attribute Weight

s I
Passenger Class -

oo

Passenger Fare .

No of Siblings or Spouses on Board 0.040 .
Port of Embarkation 0.033] |
No of Parents or Children on Board 0.028 I

[Performance]

TOI S LIZEVERRICERIN DN B IS A D FENFERZ7R T confusion matrix EEEI T/ERL TN
9, Z£BID Criterion Zi#R9I 3L T precision. recall. F {BZ183EERIEETT,

1

Random Forest - Performance

Criterion @ Table View Plot View

accuracy

classification error

AUC accuracy: 80.00% +/- 4.90% (micro average: 80.00%)
precision true No true Yes class precision
recall

pred. No 193 42 82.13%
f measure
sensitivity pred. Yes 33 107 76.43%
specificity class recall 85.40% 71.81%

TOfth, Lift Chart > Optimal Parameters RETIYERRUZIEEIET L DLEBAFER DAFFRZ HE
HEIBENTEET,

10
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EFINVDASL -9 -LEDMDBERRBRANL -5 —

A= FEFISHFERZEIHDINFITRBLI TR, COFERZIEAFIZLEBIITTNE T,
FA—T5—Z O (SETERCH TRDRITIZLEBTZTIN, TOETIOFRIREBZ TEHDFE
Ao FTOBEEICBNT, A= PMEFIUCL O TRHEENZVONDERRI Y (> -J1( A% {FESIL
T TH—T 53— (L& TEHEINBRERCOVTIEO T IENTEET,

EN3asL—-45-

IR R %Z1S2125(C. Deep Learning ZRKE NS ZFHICAZEL TL\D Simulator Z:&
RUE T, BIERSAHF—EROYTAINZAMEICHD. 2L TEIZTINGICHZD 1T -1 —-J14
ANRZET  RYIDIRETET —FOFHDBENEIRENTVE T Y1IZvIS0OT -T2y D5
a. COFHET - RIS, FinldH) 30 m%. BT, BAXIRICDRVERRNERARL TVB A 4 (CHE
HUET,

COIFIATRINESIRILF. BRICHD LEBBOEI ST(CEHT. CORBNEFURVERNS
WCENDHIDFET , I EF I DHERIE 20% T . FEBDET I IFAINMEISHES>TLBH. EDD
FENEHREBDON—TRENTUVIERIEREISATT  CORATEERIEREIIANEFE TR
EEUTVBCEZRIEL TVWE T, RELES U EOHEZRLU TORIREON-FFEE—UR
W EZBBICRUTVE D,

Auto Model
Load Data Select Task  Prepare Target ~ SelectInputs  Model Types Results
P o o o o P
@ @ @ @ . 0
« RESTART ¢ BACK (2. OPEN PROCESS |
( )
Results Random Forest - Simulator
~ | Decision Tree . A
N Age: —_— 30.046 Most Likely: No
Model
.....
Weights
Simulator No of Parents or Children on Board: 0.385
Performance
Lift Chart No of Siblings or Spouses on Board: — 0.525
Optimal Parame
Predictions
P: ger Clas Third

- Random Forest

Model Passenger Fare:
Weights

Simulator

Performance

Lift Char

Op!
Predictions

- 32.476

Important Factors for No

» | Gradient Booste

» | Support Vector v
< > < N

- N
SAVE RESULTS e Optimize  What is this?
L J

11
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EFINSZIL—A-OBNERERAMET, 2 TOMEEZZELSEANEILE. FCCFFROMREZR
BIETERILTY MR EBHNSTMECEZATHDBE BEE S0%EFERDS EFRULEFT . TNHS.
REVIAEIT7— AN MCEZTHBEEFHEEN 90% U LERDET,

B2TORFAF—EMROYTHIVINANARIES BIET, TA—T5— I TETIBEEINICHED
53 RECETNOIHDEREIBET N TEET, EFTINSI1L—I-(FE—FT-HIER(EH
HYRAEBE) DIECTOET N OITENZFETS BECLIOTFRNTERSSBAMAAIOTVET . &
HHREERBRZRF DT —IH(2AN318R) 2 R3DICBERZ O T (CRENTVSI L —DRY
—IN-(CBNEFDET, CD35. RORUMERIREISAEREZES(HKMRIOTICRZFT.

miE b

ROBRB(E. EOSSICUTREFAMIZYISTOEF R ZRIB(L T DIENTERIN LD
CETT,, IITE A-PETINEEZZFOTVET, 221U —F-DETFEBC. INILHMTLE
Optimize(&#{E) NI H&HDFET

CORIVERL. F1T70TDEEE I DL I EIEER Y R—- N TNES . BIEEHMIZvIS LT
THELDEERIENHZDT. BHEODICEFITIEEEEZEZITHZVWERWVET,

Optimize Z#RU. B(CHKATYI =L THTIZE,

Results Random Forest - Simulator

v | Decision Tree " . A
: Age: — 30.046 Most Likely: No
Model
Weights 90%
Simulator No of Parents or Children on Board: 0.385 80%
70%
Performance 60%
50%
Lift Chart No of Siblings or Spouses on Board: — 0.525 40%
Optimal Parame 30%
20%
Passenger Class: Third v %l _
Yes No
~ | Random Forest
Model Passenger Fare: = 32.476
Weights
" Important Factors for No
Simulator
Port of Embarkation: Southampton v
Performance
Sex |
Lift Chart : |
Optimal Parame Sex: Male v Passenger Class { [
Predictions Age | [ |

» | Gradient Booste

» | Support Vector v
< > <

No of § |

P 075 050 025 000 025 050 0
SAVE RESULTS @ optimize at is this?

L J mm Supports 'No'  gum Contradicts 'No'

12
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1 .Define targets @ Class to optimize for (CHLT"Yes"ZEIRU. Next ZHL T,

© © Find Optimal Input Settings

Define Targets

Let this optimization find input values to get the class you desire. Define the class of interest below and also if you want to maximize or
minimize the confidence for this class. Alternatively, you could also try to get as close as possible to a specific confidence value.

Class to optimize for: Yes v

Direction for confidence: Maximize v

< ) Next

2 . EOROYIFIIIIZARDHFHS Sex(ER)ZRY, ARIOROYIFII A RDFHS Male (5B
4)%38IRL. OK R9>%3L. Constant Attributes (C Sex = Male ¢&H20%EMHEEEL. Next
MR T,

| NON | Find Optimal Input Settings

Define Targets Define Constraints

Often you need to define constraints on the model's input attributes.This ensures that only sensible solutions are created. You can set
global constraints which apply to all inputs or you can define constant values for selected attributes.

Global Constraints

~ Stay within 2  standard deviation around average (numerical)

~ Stay above all attribute minimum values (numerical)

~ Stay below all attribute maximum values (numerical)

Stay above (numerical)

® 0 Define Constant Attribute

Stay below (numerical)
Select an attribute on the left and set the desired constant value
for this attribute on the right.

Constant Attributes

+

Sex v [Male v|

13
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3. Optimization Parameters ([CBUL\T. Run L T2V, 5TENTE TINIL, Finish %3
LTLIEE0L,

[ NON | Find Optimal Input Settings

Define Targets Define Constraints Optimization Parameters

Finally, you can define how long the optimization will run. No limit means that the optimization runs until it finds the optimal inputs.
Or specify a maximum time or the maximum number of generations at which point the best result so far will be delivered.

® No Limit
Time Limit Seconds:
Generation Limit Generations: Population:

TERIFZZIL—F—DORCI TR, TORRIBIENRHTI . BHORZTROETFOLEHN
H30F 4 mTPEOFFELEHY RISATHATZLTWSFEETY  IOEFDRIEENMEE 94%T
ED

Deep Learning - Simulator

Age: = r; Most Likely: Yes

100%

—
90% 94%
No of Parents or Children on Board: — 2 ® 80%
70%
60%
50%
No of Siblings or Spouses on Board: 0 ® 40%
30%
20%
10%
Passenger Class: First v ® 0% - I
Yes No
Passenger Fare: — 91.836 ®
Important Factors for Yes
Port of Embarkation: Cherbourg v ®
Passenger Class _
No of Siblings ... -
Port of Embarkation -
Passenger Fare l
No of Parents ... I

-0.5 -04 -03 -02 -0.1 00 0.1 02 03 04 05
@ optimize | what is this?
m— Cunnarte 'Vae! — Contradiote Voo
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HLIZY)B(CHROTVBR JSREEBERELEBO>TVEIN. ROVTIVIIZMBSREDI S
ZEEIDEDNDED, Y—RISATHITUTLS 4 IROBOFTEAE 70%2BADEFHERE
BLTWET,

BTN (FH1IZY IS L TRENTAIRN— NV T FEEZBEDRIEZ BNl
FDEEABICESFUREDEEZBNE Y . Age(FFili) DASAH—2EINI TET. Filinz EIF3(CONT
EFEEMERL TR I DL BHERTETT . BHOREDOEFHEEN 50%% T RIZEFERE. 7
SAICEELTRERIELET,

H-RJSX — 20 %
EHORISR - 29 %
I7—ANIZA — 38 %

SDEEICEXE BHEORENEDLICUAEFEREZSRINEVSIERICEE BEXBIENT
EFTEA. FlRFSASNZEOTHD. IDBMEROF Iy MBS LFEIEXNRBIBICIOHTDRN
BEHHDTLLI UNU. RIBILEWSTTEEETIN 21V —F—(3H19 I DT —INSE1IRA]
Re@3czFoHiLingg.

FEROH N

Predictions Z&RIBEICIDETINCEIVEFRIERZE NI IILERIEETT FRKERZ
173 (18#) U, BIY—LBETRIARIETZTEETEXT.

Auto Model

Load Data Select Task  Prepare Target  Select Inputs  Model Types Results
@
« RESTART ¢ BACK [ OPEN PROCESS (3, EXPORT
[ ] [ ] Export Data 'Titanic Predictions'
Results Deep Learning - Pred
. w Select F
Row No. Survived n S \ssenger F...  Port of Emb
L Regress 1 No Y 31550 Southampto
2 No Y 31550 Southampto
Fast Large Margi
3 Yes Y I I I’ 1.958 Southampto
cen Learning 4 No N . . . Southampto
J Decp Learning Turbo Prep Repository Qlik
No Y 17.521 Cherbourg
No Y 5.242 Cherbourg
7 Yes Y %554 Southampto
8 No Y [ Cherbourg
Yes Y - — L.o79 Cherbourg
Excel CSv
10 Yes N tsso Southampto
Decision T
11 No N 3.500 Southampto
. Random I 12 Yes Y 3,550 Southampto
13 No N. - 3.550
Gradient Boosted T 14 Yes Yes 0.050 0.950 5 0 0 First 262.375 Cherbourg
15 Yes Yes 0.037 0.963 22 1 0 First 55 Southampto
pport Vector Ma ,,
< > 16 No N 0.701 0.299 41 0 0 First 30.500 Southampto
SAVE RESULTS ) 17 No Yes 0.380 0.620 29.881 0 0 First 39.600 Cherbourg
. ) >
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No Black Box !

A= MEFTEBRRBRETINEREUE TN, 20D TEIEZBSOF CTHEREL. IBIELIZVWEE XSRS
ENHBIEIT T, ETINSZ1L—IDTERCHD Open Process Zig e, BEULEZETILD
RapidMiner OF7HA > E1—-((RRENFT COTOCAZEITIZLETE MBIETRIEDTEE
9, A= METIVERIERRER T 21D IO RZ TT S IRy I Z (Lt E R A.

CORZEFRRFDDICIEES 3 DOEANBDET
1. PEOERELRLT, BEZFHO TREOPR(CETIEBH ANDIEETERVTULI. EDLS(C
EFIHHEREL . 2 THELVEEERA I 2ONHEERLIZWNE T T,
2. FILLWT—ABAIOFHANDTOCRZRARD L TREBV S EEFERENTEEY
3. IBHRT =AM I>T4AANIBEMER TR ETIN ORI - MEREL T, A-MEFTINZESET
ZOEEMRZEHTVET,

70t2

O Process » 00 O O 43 o

o

. o
i)

Should handle
sovt columns?

* before modeling)

mal feature sets (may be

<

IEEE(E. ML (Material Informatics) DOM8IEZ(EUHEL T, AFAAPRIMBEFREZEICEVT,
RapidMiner OA—rETIVEERL. EEET —5%2/EAIT2MDEHNNERILLTVET ., E53A.
EERINPFIMRE. BEFRIOBEIHCHVTLOBDERBINEREENTOE T, FERRUIETIL
EN-R(CmFEDNE, LOBEEREENTTREICRDTUL, RIBOHEIFIGHD . A— R EFTILO
DA TONNBORRERETEF LA TUIN, BIOKR(CERBIEE TVRIINEERVET,
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