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Ol 20{ M= Machine Learning 7|8 &2| 5tLt2l Q15 A Y (Neural Network)S 283510 0= 2 & 2 (Predictive

Modeling)E ot= &0 tidh ZHefohA B 225 LI

12 JMPO|AM K| E|+= Machine Learning 22 Of2|@F Z& LCHAnalyze / Predictive Modeling 7| &)
JMP Pro0| 2Lt CHFSH Machine Learning 2H#10| EHXHE[0] Qlo
20195 108 EAIE JMP 150 = Pattern Ef A, SYM(Support Vector Machine) &# 50| =7+& 0Ofd LICt.

JMP2| Machine JMP 14 JMP 15

Learning 7|5 Machine Learning Modeling Utilities Machine Learning Modeling Utilities

Explore Outliers

Partition (O AFX] EH4, K 2]) Explore Patterns
(Decision Tree) ' (503, 7|t &l X|
Mp 22 mEo| B, A
Explore Missing Values E°| '
Neural Network (A=K S A 2)) )

Model Comparison(Zf 0% 7| &
=0 = =2 4|

Bootstrap Forest s°l 0% = Hlaw),
Make Validation Column
(Xt H#ZF-Holdback §-2 dt7| [Support Vector
/%t Column A4, Machine

Boosted Tree
JMP Pro
K Nearest Neighbors
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3) 1= A (Interaction)g 77! Datadf CHSiAM =
2 2@ Y = Ao
4) 5|4 (Nonlinear) tA0f CHet RHE & 7t52
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=

2.
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Z(Output Layer)

it

S (Input Layer), 2<&(Hidden Layer),

ron?| %t

 E3B50/2H
S{0tS MElsH
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WE2 8ot 7T
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Source : https://www.jmp.com/en_us/online-statistics-course.html
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(Output Layer)

3. JMPL} JMP ProQ| X}0|
%A—I 'gl-
C}.
SkA O

1) 24989 = 2450 AH8El=
AO{Al JIMPLL JMP Pro= XtO|7F QU

2) JIMP= 2t 72| Hidden LayerOf| CH3H Hyperbolic Tangent =Tl
AH23lH= HHH JMP Pro2] Z2+= & 7H2| Hidden Layer2 M %
A1, CHE = =g%g & UL

(Linear, Gaussian)S =&
3) Ot2l= JMP Proo| ¥ 3t & LR O|C}

Z=(Activation Function) S0

2
=

A
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—

Hidden Layer Structure

Number of nodes of each activation type
Activation Sigmoid Identity Radial

Layer TanH
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Gaussian
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Second layer is closer to X's in two layer
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Ofxl1:HsHY

Sample Data : Help / Sample Data Library / Boston Housing.jmp

_ZEf J}A D 2B E Data2 mvalue B4} Y DataO| 3, Bf 5202 0580 52 ZHO| 44=AZS € + UCL

LIMX|= Ot &AE X[2[H, 2l A A H=0|Ct
-TE T4 (mvalue)dt CHE H==Z0j| CH3H Neural Network 7| S&
2t 85t0f L YSHOX} SO

1. Analyze / Predictive Modeling / NeuralOfl £0{7kA mvalue B8 YZ,
LA B= HE-E X2 et & MESIY OKE S&/% O3,
Model Launch 2}EHO| A o2t 20| =& BtCt Holdback Proportion
A5 &(Validation) Data® AHEStX} St= Datal| Hlg2 HoHC}

~/Neural
alidation: Random KFold
P Model Launch

4 = Model NTanH(3)

4Training

4mvalue
Measures Value
RSquare 09213977
RMSE 25813047

Mean AbsDev  1.9616048
-Loglikelihcod 958.72956

4 Validation

4 mvalue

Measures
RSquare
RMSE

Mean AbsDev 2.0108876
-Loglikelihood 238.53841

Value
0.9206037
2.5672311

2. 24 &(Training) Data®l &3 & (Validation) Data®| R-Square 70|

" . N N SSE 26985692  SSE 665.65821
(Random0|'7‘|| A|_-|E—|I.IE|_“:|'), Hidden NOdeSOﬂ 3% OI:!E—:!Ol'—T'— GO% |A__1E—|H?_H:|' Sum Freq 405 Sum Freq 101
= Neural 3.0 Qo= MA 2ot ol F 22 J2i =2 BB Actual by Predicted
Mol ounch_ Plote ESIME 2ol o=2iS stole 4+ Ut
H A EH
pE— | Reproducibilty (¥Model NTanH / Actual by Predicted Plot 41&4)
Holdback Proportion Random SEME Actual by Predicted Plot
Traini Validati
Hidden Nodes falnsll;g ali 5aomn
s 4

40
35
30
25

1) Validation Method
-Excluded rows holdback : Data TableOl| Excluded / Unexcluded 2

mvalue

o .« . 20
rows TE5tAS 4% Unexcluded rowe Training 82 &, "
Excluded rowe Validation set 2 2 &-&=ICt w

-Holdback : Training setil Validation set2 #EHSHH 23 ’
(Holdback proportion : Validation set2| H| &)

mvalue

10 15 20 25 30 35 40 45 50
mvalue Predicted

40
35
30
25
20
15
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5

10 15 20 25 30 35 40 45 50
mvalue Predicted

-K Fold(A| DataE K7H2| subsetl|2 2&5+0 Validation Sh= )
2) Hidden Nodes : 24 &
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5. ¥Model NTanH / Profiler 7| 5 & %%3}(11 ZF XQIXMEZ y B0

4. vModel NTanH2| Diagram= 2 &/5tH Neural Network2| 2 &= O[3l YBES = =LX|2 Ab 1;}
AZH ez =0l 4= QUL AZREH YHB(Input Layer), 24 F(Hidden
Layer), Z3 % (Output Layer)O|2t11 $HC}
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Ol 1 : A=Y

6. 0|5 21tel Myt &8 _ . 2) 2452 Formulae BHE1h ZCHOMHE H1_12| Formulall €£2)
¥ Model NTanH / Save Proﬂle Formulas(5! Save Formulas)& £/ H,
Data TableOf Y #H==0f Cht 0| % £L0] MY EICE 0= 240] Formula7f 1158951417
MEE O ooz CHest gdtAalo 2 =28 IS SIL} O1|E £0{ Data +0.012620198 = crim
TableO{| A XO|X|'0'|| CHot 2t2 YESHH, v B=0f Oist o= 2f0| Ats2E + 0014132793 » zn T
My}
= + 0.1079437554 * indus
5 s =
cim | zn indus chas nox rDst age '5:"‘: radial ~tax pt b Istat Mwedided mvalue ( 0J=[-3.846930464
506 |0.047... 0 1193 0 0573 603 808 2505 1 273 21 399 788 119 20871228027 - *+ Match| chas 1= ( 3 846930464 +0)
507 O 0 12 0o 05 5 8 3 4 300 21 300 25 - 17.974767005 - :
\ Y J el + 6.7375926382 + nox
M2 7+ ol
h=e gt o= ==y 2t TanH [ 0.5 *| + 22050293854 « rooms

+ -0.02455719 * age

7. Column PanelO|A| O|ZZt ! 24 E(Hidden Layer)2| gt+E =tolgt

= U} 7. 212| Formula®l Z1t= wModel NTanH / Show EstimateS £ 2!3}0
golg $& 9lct
4 mvalue
A Predicted mvaluedk 3% Estimates
4 Hidden Layer (3/0) Parameter Estimate
dH1_ 19 % H1_1:crim 0.01262
A H1 29 % H1_1:zn -0.01413
A H1 34k H1_T:indus 0.107944
4 Predicted mvalue 24 % H1_1:chas:0 -3.84693
1) O|=&l Y32l Formulas CHS1t ZCH mv;Iue_1:H1l_1 © 120382
< mvalue_2:H1_2 -7.64527

28.101252169 + 5.1203820487 « H1_7 + -7.64527069 » H7 2 + 11.480638198 « HT 3 [®

mvalue_3:H1_3 11.48064

mvalue_4:Intercept 28.10125 jmp




O x| 2 : HFEH Y

(S o B3t £ E data2AM, 2 A0 M 2| (Response) 2 CHet Zak7h Rl o, ZH=fs| 235t otzlet 2t
Yot =X|E M/StE =23 Y(Binary)2 AT Age ~ GlucoselHA|
TSl factort SiEh Binary)= ABEH A9 1) Training Data® 71502 MBS HH| Data%} 308 740|122 Wesl7| TEHH

HIE, = LowE Low&, HighS HighZ THEHst vl g2

(208+52) / 308 = 0.844 O|C}. 0|5 E& HE X (Accuracy)2td HHGICE
1. Analyze / Predictive Modeling / Neural®l SO0{7tM Y(Binary) B2 vz, 2 BFE Y&=S LiEtlE LA E(Sensitivity)2| E-2, Low BFo| HgE=
LIHX| 25 BB X2 MEst & (HEIS0] OKE 28/%t O & 208 / (208+18)=0.92 2 A AtEICt
= bl A A N RIZEE AR AN s AR BER| L S8ojat & 4 rt,
Model Launch 20| A Of2fief Z0| GoE M EiBtCt ey

3) QIZ = (Sensitivity) 2|0l £0| & (Specificity)2t= 7HE = U= |, 6lE £ Row

= |
prrs HZO| 0| & 52/ (32+52) = 0619 2 AAHEC O|MY S0|=&
Validation Method AHEO| Ot S AHMO| OfH Aoz HEHS= 5302t & 5= AL
Holdback v Reproducibility Confusion Matrix Confusion Matrix
HoldbackProportion| 03]  Rendomseed| 0] Predicted Predicted
Actual Count Actual Count
Hidden Nod 3
e ES Y Binary Low High YBinary Low High
Low 208 16 Low 86 11
High 32 52 High 12 25
2. —E—&e %(Training) Data9|' é‘%%(vahdahon) Da‘tao‘” EH?_I‘ —E—fe 7E:1J_—'|'E Confusion Rates Confusion Rates
- 7 Ey 2 olgljet ZtC Predicted Predicted
(R Square BA o) = |- H |- E I- Actual Rate Actual Rate
~Model NTanH(3) YBinary Low High YBinary Low High
L Traini Jvalidati Low 0.929 0.071 Low 0.887 0.113
raining alidation High 0381 0619 High 0324 0676
4Y Binary AY Binary
Measures Value Measures Value 4) Dn_l?:I-Egl' Eolig -9-9f6|":ﬂ Ol'EH —‘Egl' 7EH:|'
GenerazedRSquae 047519 Generlzed RSquare 05299413 CHA| 28}, BIZEE (Sensitivity)'S True Positive Rate2 TP/(TP+FN)S.2 A g/ O,
ntropy RSquare ! ntropy RSquare ! = e N o A = 1 P ..
i oaapos  [EER rREE £ 0| = (Specificity)= TN/(FP+TN)2 2 A 4tE| 1, "1-Specificity'= False Positive
Mean Abs Dev 02271344  Mean AbsDev 0.2261339 RateZ FP/(FP+TN)2 2 A AH=ICY
Misclassification Rate 0.1558442 Misclassification Rate 0.1716418
~LogLikelihood 10737399 -loglikelihood 48336577 HH (Actual)e Ol = (Predict)e
Sum Freq 308 Sum Freq 134 . -
Positives Megatives
Positives TP(True Positive}s FN(False Megative)s :f
Negatives FP(False Positive)? TN(True Negative)s l mp
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O x| 2 : HFEH Y

4. wModel NTanH / ROC CurveE E#SIEH Of2fQt 20| ROC CurveZt
Display I Ct. ROC(Receiver Operating Characteristic)= 33 =& 0j| A

Do £ HItsle WY R, ROC FHO| OIS E
2Z Mol A= 40| ROC F4d0|Ehel HEO| 10 7

™ |
2ozt 2 + rt.

Training

4 Receiver Operating Characteristic
1.00

090
0.80
070
0.60
050

Sensitivity

000 020 040 0.60
1-Specificity

YBinary Area
— Low 0.8980
— High 0.8980

0.80

1.00

Validation

4 Receiver Operating Characteristic on Validation Data
1.00

0.90
0.80
0.70
0.60
050
040

Sensitivity

000 020 0.40 0.60 080 1.00
1-Specifiaty

YBinary Area
— Low 0.8869
— High 0.8869

(0 o
242 Hats

5. wModel NTanH / Profiler (s-= Categorical Profiler) 7|52

285t

2

2t X QIRPEE ¥ B0 Ofm3t S T XIS MM B4, o5

ol |.
Ml: .
~ Prediction Profiler
z 1
9 0824522 Q8
[l
Ei- ie]
2 02
@ 0
2 1
T 0175478 08
o= £
g 02
@ 1)
- ~ QUNOoOND COQOOOD0 DO 00 0O Q0O Q
RARNS BRIFSEER ERERERSRER
SrE2 PR RUNS8 P28
189.14
1 26.376 94.647 Total 115.44
Gender BMI BP Cholesterol LDL

Snonono Qo0QDoo0o
M nng OR@RSTS
46414 91.26

LTG Glucose

6. ¥Profiler (2= Categorical Profiler)

Variable Importance Ofl A

Independent Uniform Inputs 5= HEiSHH QIAE S utE =Hold 4= UL}

Summary Report

Column
BMI
LTG

BP
Total Cholesterol
HDL
Glucose
LDL
Gender
Age
TCH

Total

Main Effect Effect .2 4 6 .8

0383 0474
0382 04720

005 00921 !

002 0.042]

0012 0027

0.005 0013]

0004 001] |

0.001 0.004| |

0001 0003 |
2e-4 0001 | i




