Data Mining: STATISTICA
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Prepare the Data

 Statistica can read from Excel, .txt and many other types of files

» Compared with WEKA, Statistica is much easier in terms of data
preparing

]

L ]
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Open an Excel File

» Click the “Import selected sheet to Spreadsheet”
» Select the desired Excel sheet where your data is stored
» Get variable names from the first row

Opening file: SampleData.xls E‘E‘

Tiportall Shasts 16 & WorkBook |

Import selected sheet to a Spraadsheet |

Select Sheet to Import E‘E‘

I Set as defauit Sheats in Excal fl

Dpen as an Excel Warkbook |

eather Cancel
Deere

Open Excel File E|E|

File name:  [SampleData.xl _DK

Range

Colnrs from [T B a5 B Caree]
Rows: tom [T [ 0[5 [ Yariables

™ Get case names from first column

[ Get wariable names from first row

L [ Import cell formatting
m The University of lowa Intelligent Systems Laboratory
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Open an Excel File

» Change variable type

I STATISTICA - [Data: SampleData® (5v by 14c
P ¥
Eile Edit Miew Insert Format Statistics DataMining Graphs Iools

Data window Help =181
DB gk sR2RT #il & T
bl <fwe]|BruoE==gk
weather j
1 2 2 4 El
outlook [temperature  [humidity | windy | play
1 [sunn ot high 0no
2|sunny  hot high 1no
3|overcast hot high 0 ves
4|rainy rmild high 0 yes
3|rainy cool normal 0 yes
&|rainy cool normal 1no
7|overcast cool norimal 1 yes
8lsunny  mild high 0no
9|sunrny  cool normal 0 yes
10|{rainy mmild narmal 0 ves
11|sunny  mild normal 1 yes
12|overcast | mild high 1yes
13 |overcast hot normal 0 yes
14 |rairy rild high 1 no

| ———— ———— - |
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Open an Excel File

» Change variable type

Variable 1

L | = &-

e A

Measuement Tgpe: |duto | Lengtn [d E ﬂ
I Excluded I Label ™ MD code: [333333558 x| 2]

Display format All Specs.

Values/Stats

Properties...
[Bundles ].

Long name [label or formula with ~ Eunctions | ) J¥ Function guide

Labels: use any text. Farmulas: use variable names or w1, v2, ..., w0lis case #.
Examples: (3] = mean(v1:v3, sqitf{v7), AGE] (b) = v1++2; comment [after;]

Intelligent Systems Laboratory




Classification and Regression

« C&RT
» Boosting tree
* Neural Networks

L
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C&RT Classification

 Iris data is used as a example data set
@) Fos e =)

Home gt View lewet  formst  Sutiis | CataMineg | Guphs  Took  Oss  Mep Option + i

A oo reeurst Networks | [} IC Analysic 2 Test Mining Association Rules | ] Ragad Deploymens
sl K [ Machine Learming Optamal Binning || 1] Web Crmwling | 5 Link Analysis " Goodness of Fit
| [ 2 Gam 78 Chuster... -
Racipes Lamning Clustaring/Grouping || Test Mining Rt Etraction Depizyment

[C Wisersicincte: he'Duskinp SarnpiaData <y ins =i

1 2 3 T 4 5 |
sepaliengn sopalwan patallengin petawiih class
Il 81 35 14 [] ?[lls setoss L
2-‘ 49 3 14 92 Ins-setosa
3| 47 1z 13 0.2/ns-setosn

54 39 17
4 0.3 Inis-setosa
g 34 15 02 Ins-satoss
44 23 14 0.2 Ins-sstosa
49 ER] 15 0.1 Ins-satosa
54 a7 15
a8 34 16
a8 3 14
43 3 11
58 4 12 02 Ins-satoss
(%) 14 15 0.4 Ins-satosa
64 EE) 13 0.4 Ins-satosa
£1 14 14 03 Ins-satosn
57 38 17 |
51 38 15
54 34 17 02 Ins-setoss
&1 a7 15 04 Ins-setoss
46 16 1 0.2 Ins-satosa
51 EE) 17 0.5 Ins-setosa
48 34 19 0.2 Ina-satosn 1

5 3 16 0.2 Iris-satorn -

S o

m The University of lowa Intelligent Systems Laboratory




C&RT Classification

Click “Data Mining” menu and find the “Interactive Trees”

. General Classification and Regression Trees: SampleData

[y

auiok |

Tupe of analysis:

ded design

Specification method

T O r———

s, | Etmesimsains | 84 (TS
[
|
] e
— = P [ ] —

4}, Stanclard CART; SampieDints

. .
T |

Gk, | Disssication | Savpgang | Valdaton | Advanced | B o |
T | [ Cotoguecal miporos foategocdl | | Cancel
& ] class
Deparclent vaiable:  class B Goeorn =

Court vasshle:  rore
"Iis-setosa”-"Iis-virginica"

Cancel

L
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C&RT Classification

View the final tree and understand the results

B ™ [ T o 3 Sacton [y e Sy 5o PEEEE
{3 GCBRT Results : SampleD... cla It Llac, T [l e Lok o | i dres b
a e e 5 £ ilim e S
Classfication | Node | Repot | — — — _
Summary Observational T ]| e-atiosa Tree 1 gragh for class
Tree view W ginica Num. of nan-h I nodes: 4, Num. of terminal nodes: 5
Tree browser | [ Treegph | T =
= Isaioa
—— (& Treekyout | [EH Scrolebletree |
[E ditesloyous | [& Bushiee | g
<5 0 BDO000 * 0300000
B Treestucture | [ Temina nodes | | Ea— = —_
@ Tree sequence] [ Cost sequance] | (mlm
(BB imponance | [0 i J e — » 175000
[EE Design tems T"““Imm "”?5..-..|,ﬂ
(BB Vfold crossvaiidation &tree sequence | [ ezl
potalergn
Seed for random number generator: | Pty e
Vifold crossvalidation; v value: 10 p T—_ ——
Standard emor rule: 1. |_|
tetatanm
<= 1080000 1880000
@ Modiy Tree #t: 1 L — Prnwgeica |
[1

L
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C&RT---Regression

» Use the CPU data set and select the regression analysis

| = T T 3, General Classification and Regression Trees: SampleData [y

Vow  huem  Fewmm B | D by

P opty ol O Gh WS et Quick | oK
ao ol Ak h X »
Dot M| CART CHAE) | Totes Boostad Ranckoo Mitipims || inising Tupe of analysis: Specification method: __[angg\
Farpes Tiem  Favets G
ded design L=
o

b Stardard CART: SampleData M
Quck | lassiicsion | Stoocing | Vabdaton | Advanced | =T
E Vel | m?mlmw Cancel
D o B s o)
e on’t check it & @

i o [sorced | [ 2oom | [soread | [ 2oom | [soreed | [ zeom | [soeesd | [ 2oem | Momme
™ Deeerdent: Cotegericalored.: Contiruma pred.: R—— i
| ] 14 eprmacn
Eintueer elircts  roen i
St scyr e te i iy
w | —
— )
L

m The Universitx of lowa Intelligent sttems Laboratorx

C&RT---Regression

« Regression tree structure
| £} GCBRT Results : SampleD.. |- B i3] i b

e e e 1] Mo o et 10

Summary | Observational | Node | Report | o
Tree view
§ Tree browser | Tree gaph |
[E Trelyou | @Smuamwee]
Altreelayouts | /6 Bushee |
i Tree_%ure Hf Teminal nodes
9 o wnms| [ Cost secuence
Importance ][ Importance ]
BE Designtems

@ Vold crossvalidation & tree sequen
Seed for random number generator: 1

Vold crossvalidation; v value: 10

Standard emor ule: 1

] [

oy =

[

Tt

)
L & e
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C&RT---Regression

Predicted values

(3 GCBAT Results : SampleD..| oo IS

Summary  Observational | Node | Fleuorl|

Sample
alysis Test set
Prediction Surogate
[@ “Predicted values ]

[@ Save predicted values ]
Predicted vs. residuals

Observed vs. predicted

Observed vs residuals

Probabity plot of residuals |

Histogram of Residuals |

i

i Workhookd”

5 i Geneeal Classs

= g Clarsfication and Rieg
L5 Tree 1 gragh for By

11 Predicted values 1

]fllTl, The Universitx of lowa

[Precicted values 1 (SampleDaa)
varsabie.

ions: Continuous responss, Tree number 1, A

[op ? -
Observed | Predcted | Standard | Teminal

240 6000
251.0000
251.0000
251.0000
147 1667
251.0000
417 0000
417 0000
993 5000
993 5000
233313
233313
75 062!
115 555
17 6667
B0 3684
20 7647
29.0000
20.7647
750625
40.0909
40.0909
40.0909
40.0909
335455
207647
335456
! 233333 !
28000 262308 14756
27000 262308 14756
102000 750626 198420
102000 750626 198420
TAOON  TRORIE 10 R4

Intelligent sttems Laboratorx

DaRlaMmev CART CHAID Irees Boosted Random MARSplines gy [EF openpa= |
ecipes Trees Forests -
Recipes T Leaming.
48, Booated Trees Specheations: SampleDate LA i ——
Duick | Chasiicasion | advanced | B o ) ,g ‘:,m
T [ o .."""“"ﬁ ‘;_,....,r‘:_"""“
Deptrdont vanistle:  nors [ Geworn = '
Courd vasisble:  none B
Catmgoical lactors:  none [ ) [
none

L

Boosting tree Classification

e In“Data Mining” menu and find the “Boosted Trees”
"X Boosted Trees: SampleData BRIy

K

CRALY

\x/ Home  Edit  View Inset  Format  Statistics | DataMining

1 OB WARS | 328 Neural Networl
lgl x}l % % % /_ Bzacbv:?:mjg

Quick |

Type of analysis

=T

m The University of lowa
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Boosting tree Classification

 See the results and predictor’s importance

A Boosted Trees Results : Sa... ‘ ? =

Guick | Classfication | Preciction | Report |

Summany

/fﬁ Risk estimates
[ Bargraph of predictor importance ]

il Predictor importance

Final solution (set of consecutive trees)

Category of response:

Start of End of tee
ree graphs 1 graphs 1

L Em

Tree graphs

Number
lr

Number of (=]
momes 20 [ 2

(=]
=

L
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Average Multinomial Deviance

Summary of Boosted Trees
Response: class
Optimal number of trees: 33 Maximum tree size: 3

04
0.3
02
,_M.-r-"/\_’
o /.,__»'\,_u-—/L,/

01 QIC it
00 — Train data

20 40 B0 BO 100 120 140 180 180 200 __ 7esidata

Number of Trees —— Optimal number

Intelligent Systems Laboratory

Boosting tree Classification

» See the results and predictor’s importance

A3 Boosted Trees Results : Sa... ? =

Guick | Classfication | Prediction | Report |

(=] Summang ]
[ﬁ Fisk estimates ]
]
)

lmph of predictor importance
T | Predictor impartance

Final solution (set of consecutive trees)
Category of response:

All categories -

Start of End of tree
tree graphs 1 graphs 1

l Tree graphs ]

=
Nt @ [ (B

L
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Importance

08

=
=

04

02

0.0

Impaortance plo
Dependent variable: class

petaliength

petatwidth sepallength sepakwidth

Intelligent Systems Iaaboratory




Boosting tree Regression

» CPU data set
A Boosted Trees: SampleData |8 o
i3

= OpenData

Quick |
Type of analysis:

| Classification Analysis

Select dependent vars, categorical, and continuous predictors:

B |l

6 - CHMAX

- Performance

6 - CHMAX
\7 - Performance

6 - CHMAX
\7 - Performance

[ spread | [ zoom | [ spread | [ zoom

| [ spread | [ zoom

[ spread | [ zoom |

Dependent:
7

L |

Categorical pred.:

[ show appropriate variables only

Continuous pred.:
15

Count variable:

Use the "Show
spproprisie
variables onty”
aption to
pre-screen
varisble lists and
show categorical
and continuous
varizbles. Prass
F1 for more
information.

o) n
OK
ndles

m The Unive ty of lowa
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Boosting tree Regression

» See the results and predictor’s importance

- o

" |
Mome  dt  View  lmet

r 5
498 Boosted Trees Results : Sa,. (00| IE.S)

Quick  Prediction | Report |

Sample
) Analysis () Test set
\\ Prediction () Al samples
o [ = Fredited values ]
% E Save predicted values ]
(_U Predicted vs. residuals
>
Observed vs. predicted
o
Q E Observed vs residuals |
2 Probabilty plot of residuals |
°
[<5} [ Histogram of Residuals
S
[a
Number
e
Number of =] [&]
noe e 20 (1w B

L
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Format Statisis Wung
1 ool OB S, WARS 263 Nuseal Metwsrke
B 42429 R R U= | Hemnee
Data Mser | CERT CHAID |-Toees Booited Ra n MARSplnes GAM
Recipes Trees  Forests '
Respes Trees/Partitianing | Learsing
B Werkboold™ Fredeted valuss (SampeDat
S Boosted Toees (Sampeln | g g r‘rl[allrauu:‘m '
L Boosted Tovat Rents [ Arcalysis sample Humber of tees: 155
Fredicted values [{ [ Fredicted | Residual
value |

Z 1950 11.8101

3 180 118101

1 190 118101

& 264 BHD 28 3185

7 365383 15,6168

] 365383 156168

] THY aBT <M 4872

0 1197601 40.3988

2 2698 26982

1 TI81 18135

" 110953 6.0470

16 65 566 -1 S6BS

22 | 38000 38549 0950

23 | &0000 37470 25298

M 45 000 18 649 & 3508

2 | 21000 26698 56882

2| 28000 31441 34409

20 | 22000 26630 46382

29 | 2R000 27867 0433

n 102 000 122184 -20 1838

3| 102000 122984 201838

33 | Te000 63174 108261

M T4 000 63174 10 #5261

37 | 23000 2663 .36

40 30 000 27 867 211

41| 41000 3726 ATENG

42 | 74000 FBSS4 50462

Intelligent Systems Iaaboratory




Boosting tree Regression

» See the results of Observed values vs. Predicted values

T4 Boosted Trees Results: Sa.. el eem|

Quick  Preciction | Report | Observed values vs. Predicted values
Sample Dependent variable: Performance
@ Anclysis © Test st i Analysis sample;Number of trees: 155
Prediction ) All samples /'/
e o L
-
2] Save predicted values | 1000 A
-
B ~
Predicted vs. residuals o 800 e S
A Observed vs. predicled B 2
% 600 o
Observed vs residuals 3 %
[E]  Probabilty plot of residuals | z 400 L
= Histagram of Residual /d-(ﬂ?
[- istogram of Residuals ] S /ﬂ
0 v
= e
Number of -200 200 400 600 800 1000 1200 1400
morese 200 [&] 155
Observed valua
L
m JLhe University of lowa Intelligent Systems Laboratory
Boosting tree R '
. s
» See the results and predictor’s importance
Sumnmary of Boosted Trees
Response: Performance:
Optimal numiber of irees: 155, Maximum tree see 3
14000
12000
g
o
B
&
g
] Importance plot
g Dependant variable: Periormance
< 12
10
o ———— — Train data
0 40 60 B0 100 120 140 160 180 200 fepiaam
Nurmbe of Trees Optimat rumpar | 08
[
3
04 | |
02
L
m The University of lowa i MMAX [ CHMIN MYCT CACH CHMAX
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Neural Networks Classification

» In “Data Mining” menu and find the “Automated Neural Networks”

[~

Home Edit View Insert Format Statistics Data Mining Graphs Toaols

I OB MARS 222 Neural Networks_ | [} IC Analysis
& 'J;I’_j] 'gll__k ’% ?\’\ % 4 [ Machine Leaming

Optimal
Data Miner || C&RT CHAID I-Trees Beosted Random MARSplines

Recipes Trees Forests £ GAM £ Cluster...
| Recipes Trees/Partitioning Learning Clustering/Grouping
a C:\Users\xiaofei he\Desktop\SampleData.xls : iris

1 2 3 4 ‘ 5
sepallength | sepalwidth | petallength | petalwidth class
1] 5.1 38 1.4 0.2 Iris-setosa
2 49 3 14 0.2 Iris-setosa
% 47 3.2 3 02 Iris-setosa
4 46 31 15 0.2 Iris-setosa
5 5 36 1.4 0.2 Iris-setosa
6| 54 39 T 04 Iris-setosa
7 46 34 14 0.3 Iris-setosa
& 5 34 15 0.2 Iris-setosa
9 44 29 14 0.2 Iris-setosa

L

]f]lT! The Universitx of lowa
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Neural Networks Classification

» Choose “Classification”, then select variables

2] Time seren fchnshcationd
B Dt st

3

e [t

1 seplergth

- sepshadth
petaliength
petahwdt

Catngorical target Contirueus inputs
H 14
| Bhaw appropriate variables only

1
l2-
3 pe
s

|[75] Sebect vasiabes fox mulysil_ &

1 - sepalengths
2 - septiwadth

Categorical target: none
Continuous inputs: none
Categorical mnputs:  none

Strategy for creating predictive models
@ Automated network search (ANS)
Custom neural networks (CHN)

) Subsampling (randem, bootstrap)

oK
Cancel
E Options ~ +

Set the test and/or
walidation sample fields
t0 0 ta exclude these
samples from the
analysic

Mewe arushyens, Dhephoymerd.
l B x Cuick, | Sampling (CNN and 4NS) | Subsampling |
Drpkopmart [r—
ooy i s e u Carcel
ST —— - = pres

=~ |~ Rmgwsn ® =

e Analysis variables {present in the dataset)
E— N il Metmamwe  Hdmact  Dugu act : )

L5 Trom o fomgpmisend E=# Open Dgta Continuous targets: none:

MD handiing (inputs)
® Casewise

Mean substitution

5 Case seleciion

& Cassusights

L

]f]l_ll The Universitx of lowa

Intelligent Systems Iaaboratory
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Neural Networks Classification

« Statistica will try a set of different neural networks and keep the best ones

- N
26§ SANN - Automated Network Search (ANS}: Sam;m |2 ]

Active neural networks

Met.ID Metrame  Trairing per.

Testped, Validstonper. Algorithm  Enmorfunct, b

< M

L

Network types

MLP.

Min. hidden units: 3
Max, hidden units: 10

REF.
Min. hidden units: 12

W] fp) D AR

Max. hidden units: 2/

&

GQuick IMLP activation functions | Weight decay | Intialization |

Trainy/Retain netwarks Zloi
Networkstotrain: 20 B Goto resulls
Networks o retain: 5
Sum of squares Summaty
s

L
m The University of lowa
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Neural Networks Classification

» See the classification results

2§ SANN - Results: SampleData

Active neural netwaorks

Met 1D Met name Training perf.  Testperf.  Valdation pertt.  Algarithm Emor funct. *
1 MLP 4-10-3 95.280M3 95.454545 95454545 BFGS 7 CE
2 MLP 4-3-3 97165811 96454545 55 454545 BFGS10  CE
3 REF 4263 Se.13202 96.454545 95454545 REFT s0s
1 | B P 4.0 OEI0MMO O AEARAS a5 ARARAR lnrn‘: 3 re
< m +
“38 Select\Deselect active networks ] [mﬁ Delete networks ]
[ Build models with CHN ] l Build models with ANS ] l Build models with Subsampling ]

Predictions spreadsheet
Predictions type

@ Standalones
(©) Ensemble

() Standalones and ensemble

Predictions IGlaphs] Detal\s} L\ftchalls} Custom pledu:l\ons}

Include

[ Inputs
Targets
Output
[C] Accuracy

Standard res.

Save networks~
Absalute res.

Square res
[T Corfidence | B oOptions  ~
Variables Samples
Train
[T Test
[T walidation
Missing

. L
m The University of lowa

Intelligent Systems Laboratory
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Neural Networks C

» See the classification results---Predictions

lassification

%8 SANN - Results: SampleData

|2 = |

Active neural networks

Met.ID Metrame  Traringper Testpef  Vaidstionpef. Agorthm  Erorfunct +
1 MLP 4103 95283013 95454545 54SMS4S  BFRST  CE =
2 MLP433 97169911 95454545 95dS4S4S  BFGST0 CE
3 FEF 4253 98113008  OGMS5M6 SE4EMEAS  RBFT 505
s MIBAaY  GRomuma  GRAEAR GRamME  BERER  rE
4 n ’

B8  selct\Desclectacivensiwoks | ({8 Delete networks ]

[ BuldmodelswihCHN | [ Buid modelswihas | |

Build modets with Subsampling

Predictions | Graphes | Detals | Litchants | Custom precitions |

Predictions spreadshest
Predictions type Include
@ Standalones [Tl inputs Absolute res

*) Ensemble

Targets Square res
Output [l Confidence |
[] Accuracy Variables

*) Standalones and ensemble

Samples

Train

[ Test

[ alidation
Missing

The University of lowa

Intelligent Systems Laboratory

Neural Networks C

» See the classification results---Predictions

lassification

The University of lowa

Predictions spreadsheet for class (SampleData)
Samplos: Train

Case Ta: Class - Output | class - Oulput | class - Oulput | class - Output | class - Output
name | Target |1.MLP4-10-3| 2. MLP4-33 |3 RBF 4263 | 4 MLP 493 | 5 MLP 4-3-3
1 lis-setusgl lis-selusa s selusa is—selusa Inis-selusa lis-selusa
2 Tis-setosa Iris-setosa Iris-setosa Iris-setosa Iris-setosa

Iris-setosa Iris-setosa

Ins-setosa Ins-setosa Ins-setosa Ins-setosa Ins-setosa

Iris-satosa 1 1 1 Iris-satosa

Iris-setosa Inis-setosa Iris-setosa Inis-setosa Iris-setosa

Iris-setasa Iris-satasa Iris-setosa Iris-setnsa Iris-setasa

Iris-setasa Iris-setosa Iris-setosa Iris-setosa Iris-setasa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa Iris-setosa

1 tosa Iri osa Iric sotosa Iris sotosa Iris sotasa

Iris-setasa Iis-setosa Iris-setosa Inis-setosa Iris-setasa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa Iris-setosa

his-selusa lis-selusa his-selusa his-selusa his-selusa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa Iris-setosa

Iris-setosa Iris-setosa

Ins-setosa Ins-setosa Ins-setosa Ins-setosa Ins-setosa

Iris-satosa 1 1 1 Iris-satosa

Iris-setosa Inis-setosa Iris-setosa Inis-setosa Iris-setosa

Iris-setasa Iris-satasa Iris-setosa Iris-setnsa

Iris-setasa Iris-setosa Iris-setosa Iris-setosa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa

1 tosa Iri osa Iris sotosa

Iris-setasa Iis-setosa Inis-setosa Iris-setasa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa

his-selusa lis-selusa his-selusa his-selusa

Iris-setosa Iris-setosa Iris-setosa Iris-setosa

Iris-setosa Iris-setosa

Iris-setasa Inis-setosa Iris-setasa

Iris-setosa Iris-setosa Iris-setosa

his-selusa his-selusa his-selusa

Iris-setosa Iris-setosa -setosa Iris-setosa Iris-setosa

Iris-setosa Iris-setosa

Ins-setosa Ins-setosa Ins-setosa Ins-setosa Ins-setosa

Iris-satosa 1 1 1 Iris-satosa

Iris-setosa Inis-setosa Iris-setosa Inis-setosa Iris-setosa

Iris-setasa Iris-satasa Iris-setosa Iris-setnsa Iris-setasa

Iris-setasa Iris-setosa Iris-setosa Iris-setosa Iris-setasa
51 Iris-versicolor_lris-versicolor _Iris-versicolor _Iris-versicolor _lris-versicolor _Iris-versicolor
53 Iric versicolor| lric virginica Iris vorsicelor| Iris versicolor lric virginica Iris versicelor
55 Inis-versicolor|  Iris-versicolor  Irisversicolor  Ins-versicolor  Iris-versicolor  Inis-versicolor
56 Iris-versicolor| lIris-versicolor Irisvarsicolor Iris-versicolor lIrisversicolor Iris-versicolor
57 his-versiculor lis—versiculor  his-versicolur his-versicolur lis-versicolon  his—versiculor
en Iricvarairning  Irieamreicalar  Iriesmreieninr Iiesmreicnlar liesercicalnr Irieosmrienine

Intelligent Systems Laboratory
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Neural Networks Classification

» See the classification results---Confusion matrix

[ 288 saman - Besutts: Sampieota w8

:' Actus raal ratvuieks

: MeL® Metrame  Tranngped Tesipel  Vadsenpel A Encrhunet © class (Confusion matrix) (SampleData)

1 LF 410 o6 N 5 P AGGE FGS 7 = : -

[[ 3 ey Sia e maees  wen o Predicted Satplos. Tian

| 3 AOF4236] W20 % EASEE  ROFT 505 category classAris-setosa |_class Irisversicolor | classnisvirginica

|| |+ seeinr e s smms omes e 1.MLP 4-10-3-Iris-setosa 1

: - - 1.MLP 4-1 ris-versicolor 0 33

| BB SeecnDeses mowemmds | (N8 Rlsto naieoks I 1[1-MLP 4-10-3risvirginica 0 1 31

| 2 MLP 4-3-3dris-setosa 37 0 0

| E 2L 0 M 3

|| Poschctions | Guaghs et | Livchsts | Custorn prackcsions 0 0 32

| = 4-26-3-Iris-setosa 36 0 0

| Sy 4 'E : 3 RBF 4-26-3-Iris-versicolor 0 33 0

| Wisghis ) F r 3 RBF 4-26-3-Iris-virginica 1 1 35
\:\ - B Ogasmmes et || | 4.MLP 4-9-3Iris-setosa 7 0 0

Il — B Gwes - | 4. MLP 4-9-3-ris-versicolor 0 32 3

|| & | — T (4 MLP 4-3-3ris~irginica 0 2 2

| B Confuberscn brin A 5 MLP 4-3-3-ris-setosa 7 0 0

I 5 MLP 4-3-3-ris-versicolor 0 32 0

: ! : 5.MLP 4-3-3ris-virginica 0 2 35

|
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Neural Networks Regression

e CPU data set

1 2 3 4 5 6 7
MYCT | MMIN | MMAX | CACH | CHMIN | CHMAX | Performance

1 1251 256 6000 256 16 128 199
2 28 8000 32000 32 8 32 253
3 29 8000 32000 32 8 32 253
4 29 8000 32000 32 8 32 253
5 29 8000 16000 32 8 16 132
6 26 8000 32000 64 8 32 290
7 23 16000 32000 64 16 32 381
B 23 16000 32000 64 16 32 381
9 23 16000 64000 64 16 32 749
:‘; Diplyrrmmt
16 Dirploy mockes bom prevnss anvayins
7 P
18
19| File nare Net D Met name Hidden sct  Dutpak act
o models fiom prerviour
anslytas, ute he deploptsnt
option.
320 512 5000 4 1 5 28
320 256 5000 4 1 6 27
25 1310 2620 131 12 24 102
25 1310 2620 131 12 24 102
50 2620 10480 30 12 24 7

L
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Neural Networks Regression

e CPU data set, select variables

—
Select variables for analysis
- e
1-MYCT 1-MYCT
2-MMIN 2-MMIN
3 - MMAX 3 - MMAX
4-CACH 4-CACH
5 - CHMIN 5 - CHMIN
6 - CHMAX 6 - CHMAX [Bundles]...
7 - Performance 7 - Performance
| Use the "Show
=poroprist
varizbles only”
option to
pre-soreen
wariable lists and
show categorical
[ spread | [ Zoom | [ Spread | [ zoom | [ spread | [ zoom | Ziniene
Continuous targets Continuous inputs Categorical inputs ;‘?’?;‘f;:““
7 16 information.
[] show appropriate variables only

L
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Neural Networks Regression

» Training and results

258 SANN - Resul

Active neural networks

MetID Welnsme  Tiaingpef Testpef. Vaidationperl Algorthm  Eviorfunct
1 MLEEST 033381 08367 0998363 BFSE 305 =
2 MLEET11 0939793 0399689 099933 BFRS 72 0%
3 MLPE3T 0339791 083935 099943 BFGRS 183 505
A [EIN=N=ReR] Nn99ae7n N 99acrg N 99o2RE RERC A1 cne S
< m I 8
Select\Deselect active netwotks | (8 Delste networks ]
[ BuldmodelswihCHN | [ Buid modelswith NS | [ Buid models with Subsamping |

Predictions | Graphs | Details | Custom presictions

Predictions spreadshest Surnmary
Predictions type Include Save networks ™
@ Standalones [ inputs [ bsolute res

Ensemble Tergets [ Square res
) Standalones and ensermble Output Corfidence i 2 Options ~
[7/ Residuals Varizbles Samples
[ Test
[T alidation
Missing

L
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Neural Networks Regression

» Predictions

[Predections for Perfo
Samples. Truin
Target Dutpes Crtput Output
1 MPEST |2 MLPE111 5 MLP &T-1

154 1] 195 029 158 229 w02 617

2 753 000 244971 246 195 245611
3 253.000 244271 5 246521 20423 2561
L] 381 000 360 660 ] L} 361 537 74 480
] 743 000 TATAT2 750 181 751373 7512 5
10 1238.000 1236 845 1238 243 1237 226 1237 902 1236 850
13 70.000 70524 §9.341 11225 2291 72.390
14 117 000 120 840 116 378 nrri6 119 830 119 054
15 15.000 20,605 16.708 15.167 14.425 15,214
16 £4.000 59 500 66929 £5.026 65120 65.702
17 23.000 28280 22404 23369 22254 22218
AL 29 000 35338 29 038 30 903 79252 s
19 22.000 20435 21596 2207 21,054 20425
20 124.000 129 883 126 786 127641 130.862 129,085
2 39 000 40 302 A0 422 40196 41639 39078
2 40 000 46341 43451 41761 42620 41358
26 21.000 22 907 20.700 20.521 0732
27 26.000 26271 26.403 21.768 #4186
28 22 000 350 248 21938 2 984
29 28 000 25981 2™ 2T sea 28209
30 27.000 26788 27.293 26 762 78,013
31 102.000 95.155 93,937 93.049 92.148
n 107 000 85 155 8937 3049 52 TaB
n 74,000 75 389 76 151 7703 76827
T} 74.000 75.389 76151 77.039 76,827
3% 138.000 142,035 13815 145681 5540
ar 23 000 78 440 19 B&S a0 75T #0240
30 29.000 32550 27314 27.905 27875
39 44,000 43655 43523 44039 dd 546
40 30.000 33605 28872 78.383 8540
41 41 000 42 T 41 988 40 614 aran
42 74.000 72071 76680 75463 76,951
43 74.000 TIME 76.922 75.607 7160
a T4 000 Tius 76922 75 607 7T 160
a5 54.000 51209 55 485 54962 55842
47 18.000 18.372 20779 20827 21684
L 48 26,000 19,813 26.791 27438 #5490
0 32 000 34 TED 37 606 37 582 R0
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Neural Networks Regression

e Some statistics about the predictions

28 SANN - Results: Samplellats

‘i nesrsl nebwodks
Nel I Nelrame  Tiwwsgped, Tedped  Vadehonged  Algibn
1 MLPES1 05 [k g [k e e BFGS B8
2 MPEIL 099970 099069 09O OFGS 72
3 MLPE31 asEm Dg3Es [k kg BFGS 183
. PRI nowes  nedecen  noseses acne s
B sekcriesiect sctvn roworks | (B89 Doiete retws

Buskd smocdeds wath CHN sk moxdets weth ANS

Predicios | Guaghe  Distads | Custom peecctions |

(=] Sy &=

e

505
0%
505

[ Pk s ot gy |

Symmary

Data statistics (SampleData)

| Wghts

M ot satnts

) -
Samplss
o] Tran
Test

' sldation

L
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MYCT | MMIN | MMAX | CACH | CHMIN | CHMAX | Performance
Samples Input | Input | Input | Input ‘ Input ‘ Input Target
Minimum (Train 17.000] 6400 64.00 0.0000 100000 1.0000 15.000
Maximum (Train) 1100.000° 32000.00 64000.00 256.0000 32.00000 128.0000 1238.000
Mean (Train 192151 2963.02 11747.58 263237 4.52618 17.8201 96.568
Standard deviation (Train 229786 417475 1142162 419709 540576 215814 145.167
Minimun (Test) 25000 51200/ 1000.00 0.0000 0.00000 0.0000 18.000
Maximum (Test 1500.000 16000.00' 32000.00 160.0000 16.00000 38.0000 426.000
Mean (Test 190172 299366 9706.90 263793 324138 10.8621 76.172
Standard deviation (Test) 303963 333671 715581 384136 326950 B8.6550 86.729
Minimu (Validation) 23000 96.00 412.00 0.0000 0.00000 0.0000 15.000
Maximum (Validation 1500.000 16000.00' 32000.00 126.0000 52.00000 104.0000 381.000
Mean (Validation) 284069 254041 11689.03 201034 6.00000 18.2069 88.793
Standard deviation (Validation 184.035 7624.24 1793145 59.7860 697444 29.2859 215.283
Minimum (Missing
Maximum (Missing)
Mean (Missing)
Std (Missing]
Minimum (Overall 17000 64.00  64.00 00000 0.00000 0.0000 15.000
Maximum (Overall 1500000 32000.00 64000.00 256.0000 52.00000 128.0000 1238.000
Mean (Overall 205391 2905.32 1143856 247107 455330 16.8528 9241
Standard deviation (Overall) 265596 393415/ 10680.22 40.1302 6.05615 20.3699 132.087
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