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Result History

Statistics

=
Visualizations

Annotations

[ILocal

aRLANM]

Studio D

B ExampleSet (//Samples/data/Titanic)

Views: Design

Results

Turbo Prep

Auto Model

~—+ ModelSimulatorlOObject (Model Simulator)

9.10.000-SNAPSHOT @ Ingos-MBP.fios-router.home

Find data, operators...etc yel ‘ All Studio ¥

Name [+ Type Missing Statistics Filter (12 / 12 attributes):  Search for Attribute A i
Least Most Values 2
v Passenger Class Polynominal 0 Second (277) Third (709) Third (709), First (323), ...[1 more]
¥ Least Most Values
i Name Polynominal 0 van Melk [...] lemon (1) Connolly, Miss. Kate (2) Connolly, Miss. Kate (2), Kelly, Mr. James (2), ...[1305 more]
Negative Positive Values
1 Sex Binominal 0 Female Male Male (843), Female (466)
Min Max Average
i\ Age Real 263 0.167 80 29.881
H Min Max Average =
“ No of Siblings or Spouses on ... Integer 0 0 8 0.499
Min Max Average
Vv No of Parents or Children on ... Integer 0 0 9 0.385
Least Most Values
“ Ticket Number Polynominal 0 W/C 14208 (1) CA. 2343 (11) CA. 2343 (11), 1601 (8), ...[927 more]
Min Max Average
v/ Passenger Fare Numeric 1 0 512.329 33.295
Least Most Values
v Cabin Polynominal 1014 T(1) C23 C25C27 (6) C23 C25 C27 (6), B57 B59 B63 B66 (5), ...[184 more]
Least Most Values
“ Port of Embarkation Polynominal 2 Queenstown (123) Southampton (914) Southampton (914), Cherbourg (270), ...[1 more]
\ Least Most Values v

<

Showing attributes 1 - 12

>
Examples: 1,309 Special Attributes: 0 Regular Attributes: 12
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EAMEEC -
Turbo Prep

« Auto Model
« EFIITZaAL—F o o o B

Load Data Select Task Prepare Target  Select Inputs

« RESTART  { BACK ) NEXT

Quality Name Correlation ID-ness Stabillity Missing Text-ness
A\ Y
7’ \l t J [ ] - i\ Age
Age
L
7 . Using imn may po ised mod ec roblem:
This columi M a suspici m:
I
— Type: ri
Min: 0.1
[ ] — Max: 8 N
. Mean: 29 o
Missing: 0
L
[ ] — No of Siblings or Spouse
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y

-0.679

-0.648

-0.690

-0.688

-0.724

-0.597

-0.477

-0.232

0.022

0.146

0.370

0514

0534

0.790

1.045

1.022

1.212

1.079

-9.760

-9.420

-8.960

-7.460

-7.390

-6.480

-5.180

-3.300

-1.100

-0.450

1.600

2.300

2610

4710

6.330

7.750

8.020

8.550

COEE. BTy EXICEUTOEEN S ST EH
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Function FittingARL —5%ZEZ. KTz \RZexpression(CEeikt LE T,

o€z NS A—4
. Process » ,@ p 2 r ] % @ EH . Function Fitting Linear (Function Fitting)
A expression a*x+b B o
——
- optimization algorithm BOBYQA v ®
P
res
Create ExampleSet Set Role Function Fitting Linear initial parameter values ~, Edit List (0)...
.- out exa [T exa q =
e L 1 < £  J = o = -
v on parameter bounds o Edit List (0)...
v
| max iterations 2147483647
max evaluations 2147483647
set interpolation points
initial trust 10.0
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KTIDE. RNDactblCHTEEBIENEHETNET,
(BDerror(d., FAUEE labelDZEZ_—FEUZAETTY . )

Row No. a b error
1 0.107 0.201 0222
Shlnigald. CNEITTUTORZBEICE CENTEFH U

y = 0.107 * x + 0.201
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CCTCIE, ERREEIFE UMNED EITERE AN,
ExpressionDEEH(CKDTIE. B EEMIREDERDDZ ENTEETT,

Function FittingARL —#&(C(3F 21— MU TPILEMNELTLDDT,
sHMIREN S (EF 21— U TILETESEL TSN,

Function Fitting Linear

q tra pre AN

Applying the Function Fitting operator to a data set

attribute is declared to be the label. We use the
Function Fitting operator to find a function and the
v  corresponding function parameters that fit the data

> points well. First, try out a simple linear function. Click
v (Oon the uppermost operator to see the chosen
fiinrtinn:
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ERT(E. De-NormalizeARL -5 TFAfEZRI C&FTEFEFEATURE,
NIV ZIFZEL U ES DN UDSVREET U,

THUCKD,

Row No.

1

2

10

"

12

13

14

15

16

i
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label

88.016

138.755

97.405

140.767

285.871

15.450

779.747

22238

333.999

43.012

85.003

264.287

56.200

326.490

46.785

193.352

39.974

prediction(la...
-0.287
-0.198
-0.249
0.426
0.785
0.005
1.976
-0.552
0.785
-0.863
0.692
0.645
-0.884
0.948
-0.159
0.175

-1.080

al

0.637

4595

2.691

6.226

3.163

9.467

9.091

9.618

5636

1.033

0.112

3.067

2.667

9.090

6.649

6.053

2.654

a2

8.442

4388

3.572

8.381

8.397

0.216

7.525

0.722

7.255

5.257

8.687

7.198

4173

6.431

0.692

3.981

2.904

a3

2116

4926

7.806

0.351

7.110

6.530

9.571

2126

5.882

1.830

8.849

8.626

2484

3.878

9.067

6.365

3.093

a4

2772

2.682

6.843

3.639

3.342

9.700

7.295

3.383

3743

9.212

9.601

1.203

2.867

5.407

3.328

4451

3.880

as

8.448

8.618

3.054

6.234

6.405

5.509

1421

4510

0.144

1.641

1.675

5.149

1.586

9.109

7.069

8.603

7181

<—Prediction/Z | F1Z#E{ LD
FEXRDT. IN)LELEEE
TR0,
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9.10M 5 (EDe-Normalize AR L — & H's@{t =1,
PredictionBR 9 /\S AXA—FHhENMNEUL.

7otz It —%
@ Process PP aPp | % @ [ ] De-Normaiize
e-normalize predictions

missing attribute handling proceed on missing ¥ (@

Retrieve Polynomial Split Data Apply Model

out r) exa par mod lab
‘ J c Y par unl ~ mod
par
v
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CDINSA=F(CKD. predictionGIFIZE/LT D ENTEDIE8D,
SIN)LEFRAMEDLEEBNE S (CIRD XTI,

Row No. label prediction(la... § a1 a2 a3 a4 a5

1 88.016 123.149 0.637 8.442 2116 2772 8.448

2 138.755 139.744 4595 4388 4926 2682 8.618

3 97.405 130.261 2,601 3572 7.806 6.843 3.054

4 140.767 256.216 6.226 8.381 0.351 3639 6.234

5 285.871 323294 3163 8.307 7.110 3342 6.405

6 15.450 177.557 9.467 0.216 6.530 9.700 5.500

7 779.747 545,853 9.091 7525 9.571 7.205 1.421

8 22238 73706 9.618 0.722 2126 3383 4510

9 333.999 323.261 5.636 7.255 5.882 3743 0.144

10 43012 15.491 1.033 5.257 1.830 9.212 1,641

1 85.003 305.985 0.112 8.687 8.849 9.601 1675

12 264.287 297.095 3.067 7.198 8.626 1.203 5.149

13 56.200 11.691 2667 4173 2484 2867 1,586

14 326.490 353,608 9.090 6.431 3878 5.407 9.109

15 46785 147.083 6.649 0.602 9.067 3328 7.069 >< E'E% %g (: mig L/ T VA
" . “

16 193.352 200.358 6.053 3.981 £.365 4.451 8.603 5 7‘: &D %E’Qky O)%;ﬂu Ell‘ﬂz j:)\

17 30.074 -24.989 2654 2,904 3.003 3880 7.181 @ 5 =P ( j: EE

18 428.422 308,527 5.330 8.735 6.563 4917 4344 = /LS
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Equalize Numerical Indices. Equalize Time StampsARXL —4~T.
BHY A T (CEBENERTETDILD(CRDFELU,

PA=E >3
@ Process »
Subprocess Equalize Numerical Indices
inp in & out q exa - equ
out on

Generate some
sample data with
numerical indices

which are

We use the Equalize Numerical Indices operator with
randomly shifted. 9 P

‘equalize methods' = 'range(start,stop) and step size'

The values are a
sine function for
this
non-equidistant
indices.

The start and stop value are retrieved
from the original data.

Hence we will have the same start and stop value, but

with equidistant numerical indices with a constant step
size of 1.0 (see parameter 'step size (numerical)'.

K KSKANALYTICS

RN A—4

Jolye . P i% @ E B Equalize Numerical Indices

Rename (2) Join S
exa 1 exa lef @ joi exa

dic 3 ori rig J
v v v

Some Post-Processing to cor
old-non-equidistant time seri
the equalize one.

A

It

indices attribute numerical indices v |G
equalize method range(start,stop) and step size v (@
startvalue same as original data v i®
stop value same as original data v G
step size (numerical) 1.0 6))
replace type numerical Ivalue v I@:
replace type nominal previous value v ®
replace type date time previous value v ®

replace value numerical I).U

18
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Equalize Numerical Indices. Equalize Time StampsARXL —4~T.
BHY A T (CEBENERTETDILD(CRDFELU,

Row No. numerical indices new equalized values old non-equalized values

1 2247 0.223 0.223
2 3.247 0 ?
3 4247 ‘ 0 ‘ ?
B 4727 ? 0.455
5 5247 0 ?
6 6.129 ? 0.575
7 6.247 0 ?
8 7.138 ? 0.655
9 7.247 0 ?
10 8.247 0 ?
11 9.247 0 ?
12 9.441 ? 0.810
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