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Predictive Modeling in JMP
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Predictive Modeling

$ | Neural |Neural Metwork. Flexible fitting of ¥'s to X's within a specific
framewcrk of layering and s-shaped functions,
WO
__—_ | Parifion | Uses recursive partitioning to construct a decision tree to predict a
|
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Constructs a predictive model by averaging predicted values from
many decision trees constructed using randomly selected predictors
and observations.

Constructs a predictive model by adding a sequence of decisicn
trees where each of the trees is fit on the residuals of the previous
tree.

Predicts a response based on the responses of the k nearest
neighbors in the space of the Xs.

Predicts group membership for a categorical variable based on the
closeness of its predictor values to the predicter values for each
group.

Find predictor columns for the same target response and compare
how well they fit

Make a celumn used to divide the data inte training and validaticn
zets.,

A container for prediction models that is launched through the
Publish commands in medeling platforms,
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Specialized Modeling

|Fit5 a variety of built-in nonlinear models,

|Modelsthat are nonlinear in the parameters, defined by a formula

| Fit Curve
M | Monlinear

with parameters to estimate. Also fits maximum likelihood models if
you can specify the leg-likelihcod in a formula

M | Gaussian Process

|Smc>c>thing Fit based cn distance to near neighbors, Sometimes

called DACE. Similar to Kriging, Radial Basis Function Neural Mets,

Time Series

A
| ] |

|Modelsthe evolution of a series of observations over time. Includes

time series plot, autccorrelations, variegram, spectral density,
ARIMA, seasonal ARIMA, smocthing medels, and forecasts, Data
must be evenly spaced and sorted in time order.

I |Fit T Level Screening|T° aid medel selection for screening designs. Takes the variation

across n rows in the response, and rotates it into variation
attributed to n effects in the factor space. Factors should be 2-level
or continuous, Alias identification,

|Fit Definitive Screening | Create a screening design where main effect estimates are unbiased

by second-order effects,

Matched Pairs

=|

Shows how matched sets of variables differ in their means, as in

paired t test, or repeated measures across time,
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Partition [Decision Tree]

Ll

1. 25 By) 7 EY 42 ROl AHE
1) =8 By & 25| 9o QXS 2 o2 #
(all possible splits of predictors to best predict the response)
2) Ol2fet ZeH(Z7]) 2 2JAr 2 LIFo| ez, =[Ho| ZEO0| SO0 Wi7tX| Bt=Ho 2 O|FR0 Y

(These splits (or partitions) of the data are done recursively to form a tree of decision rules.
The splits continue until the desired fit is reached)

0jo

2. O|24st 2 7](Split, Partition) &2
1) =712 84X 12| E&0f W2t CART*, CHAID** 2t S2|27| = ot
2) 2719 2T/ 252 & [} Decision Tree EE= 3 S0 Partition Model 2 &2,

3.Y & X 2] 2= Data #™(continuous, categorical-ordinal & nominal) Off Z2&& &+ U2,
Aot O 2 HH-S K[ Y 7} categorical data € [, 2Ct SE3ICtT L™ RULCE

4. Decision Tree 2| ZHEtH
1) &7 : Data0i| CHSH AHE HEVI S20HXA| 42 I BO| AtE, St 2X(0f CHsl A siA 0| 7ts
2) THA : Overfitting O] Mg 7I540| 3.
RN 27| 7|F22 A& 227|022 A Ui 27|7F 2RE[0 JIe@ A5 HEE
5. Decision Tree =44 Z1to| =&
1) 24 25 HFSpli)EE Cost, Risk, 221 7t5d 2 SYHSE N2{oto HIISID
2) 0|2 2HE 2 & (Classification) 2 0|2 ME#SIHL} 0| = (Prediction) 3l OfF &

* CART(Classification & Regression Tree), ** CHAID(Chi-Squared Automatic Interaction Detection)
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Partition [Decision Tree]

1. Sample file : diabetes,jmp
1) =gt 20l =L & data

2) & MEH0A = BHEX|(response) £ Y(ordinal)

ArE  dE X E H/F/5E R
3) Age ~ Glucose 77}X| 1071 2| factor
4) 24 35 20 g 0[K=
0 QX ME

2. JMP Menu
1) analyze / predictive modeling / partition
Y : Y(ordinal)
X : Age ~ Glucose 7HX| 1071 2] factor
2) LER 2=
-'Split' & 2t H click
-'Color points’ click
(click StA| =™ A&t 2 20| color 2tk
SHE icon 2 A2HE)
-S}Et ‘candidates’ & E%l At

Split : 27|

Prune : 7FX[X| 7|
X ™ Split A7
'Split’ 2| Y=

= A= = = AL
SeESS ¥ Aot WY,

GA2: oife W8 JHXA| D Split o B9
GAUt(Bt0| 2 =58 2 BO| F= He)
Y 7t A5 B2 MEe(ss)ol =3
- *: OtZ Split 2| 7|FE0| &= B

(A OEe=E 503t el £

LogWorth : - log(p-value), O] 2t0| =& =2

Cut Point : 3§ & H=2| Split 7| &= f.
2 7|8 (split point) & LIEtHH

~|Partition for Y Ordinal

100. - - v - * F I e ) ¥ . X3 L]
...' '. . . . . . . .I - - . LY . )
“oo gure® 1T High LTG 7t A ™ Split 2AIXt2 MY E.
075 Wl At X 0= LTG 7} BHS K|S 7Ha & BEste
L . e . . LS . . H b~ . L. CC
T P A e Medium (b = dEotl) oIxtate &
T 050 - 2
o .
> LTG 4t 4.6052 (Cut Point) & 7|22
0.25 Low lex-" data 7|‘ —E—%—ELT‘_
. - o =
O| ZXEC} 22 Group 2 22 ¥ EO|
T~ | =2(High) HIOIE{7} of 50% F& &|X|2t
HLY [7G>=4.6052 [(TG<4.6052 4. 605252 Ct =2 Group 2| 4% €T0|
- 2 (low) H|O|E{7} < 80% HE €2
oF A Ol
= T AMDO
Number
RSquare N of Splits
0.143 442 1
|
~All Rows N
== R Square : SAXH2| R2 g}
Count G2 LogWorth e - B 7| 3| A
442 877.118 41.803861 number of Splits : = 7| &=
|
TLTG>=4.6052 TLTG<4.6052
] 1
Count G"2 Count G"2
224 46934371 218 28275303
4 Candidates 4 Candidates
Candidate Candidate
Term G"2 LogWorth Cut Point Term G"2 LogWorth Cut Point
Age 4.19355496 0.111033538 51 Age 2.88911263 0.033356768 22
Gender 1.10448139 0.239835086 1 Gender 2.94096041 0.638621438 1
BMI 4163751685 *  9.695470285 27.8 BMI 2541751999 * 4572243191 25.1
BP 26.97259371 5.186597538 112 BP 18.96269176 2.960001443 102
Total Cholesterol ~ 7.89702364 0386704028 143 Total Cholesterol ~ 5.61411099 0.150126222 245
LDL 6.67336365 0.103058427 147 LDL 7.08743048 0.134999100 126.8
HDL 11.79705965 1.346328684 33 HDL 15.50252091 2.162381467 57
TCH 9.17323520 0.852484194 7 TCH 7.40518055 0572972883 2.77
LTG 26.37771214 4794822426 5.1299 LTG 15.96350780 2243032827 43175
Glucose 20.69763304 3.510503618 100 Glucose 2.94337250 0.041562914 84
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] ] ] ] 7 =
Partition [Decision Tree |~ Patition or v ora
- Y | Binary 10 -
151 Low B [N
2 75 Low e »
— o w 079" " N e &
3. AHZOIM S YL HHUSHE data table O A R Sy AR
of0f SHYEIE data 7t P BAITES ¥ 5 UL s msiow | E kR
1 111 ow 2 v, R
(Interaction ! 1138 Low S AR |
8 63 Low - .
9 110 Low 0.23
310 High
11 101 Low a0
12 69 Low I==£ro BEMI<278
13 179 Low
14 185 Low LTG>=4.6052 LTG<4.6052
. 15 118 Low
4.Y 7} Categorical data & A2, 16 171 Low T
show split prob % show split count & 1 E4SHH - 166 |Low
Split E Group E & Data 2| Probability %
Count & =olg o= UL} I
~ | Partition for Y Ordinal *All Rows =
| Display Opticns dIEd Show Points [ ] ~ All Rows
ool et V]| show Tree Count G*2 LogWorth Count G2 LogWorth
Prune Worst ||| show Graph 442 877118 41.803861 442 877.118 41.803861
Minimum Size Split z Show Split Bar ] j ] = Level Rate Prob Count
Lock Columns B4l | show Spi stats show split prob, show split count = low 05475 05475 242
Small Tree View || show spit Preb M EHSLO ‘ B A Medium 0.1787 0.1787 79
Leaf Report z Show Split Count EQEI-IX_-I Es-lpll::IF_]I]C_.li;qupl EEI- o I- High 02728 02738 121
Column Contributions hd Show Split Candidates = = = |
" Sort Split Candidates | |
*LTG>=4.6052 *LTG<4.6052
E— n
Count G*2 LogWorth Count G 2
224 46934371 9.6954703 218 28275303
ook 7 H 2+ Level Rate Prob Count Level Rate Prob Count
5. &f T.,;( t Contltguous data 2tH™ Low 03125 03135 70 Low 07890 07879 172
Split El Group 22 [ Medium 02143 02141 48 Medium 0.1422 01424 31
Data o| Wt EEHA} ZH0| BEA| ECf——> ~ All Rows High 04732 04723 106 High 00688 00697 15
Count 442 LogWorth Difference
Mean 15213348 509049357  83.1655
Std Dev  77.093005
I I
T LTG<4.6052 TLTG==4.6052
Count 218 LogWorth Difference Count 224
Mean  109.98624 14507959 634247 ||Mean  193.15179
Std Dev  57.059229 Std Dev 71.823677
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Partition [Decision Tree]

6. LOkEHZ Split sHOF St=7} 2
HEX|0 ZR%t S F& Hees FAQTh
1) Partition for Y Ordinal 2| 1% %74
A M2 click & ‘Column contributions’ A&
CHES X0 S22 Ol F= =AHE
X QIXtofl CHot "HETF HA|EICt

2) O|EM 2 2+ (Data /== - 1) ZF2 split 5+
2tesh) RHE2 OLE = A2L,
overfitting 2| EM|Z 0|2{3t RHZ OtE=
A2 A0l giCt

3) K Fold cross validation 7H€ & 223}
A split JH+E <ol = QUL
-display options O A{ show tree 2}
show graph & M & Sfix
-Column contributions, split history, K Fold
cross validation & A Ef
-0 O spliticon 2 A% FECH EH
K Fold R-sq %f0| 2f0tX|= X|HO| &-didt=
ol, 0l 7| 5 E overfitting O] 2 $tCtD

A
= T AUACL
‘l Display Options » Show Points
Split Best Show Tree
Prune Worst Show Graph

Minimum Size Split
Lock Columns

Small Tree Wiew

Leaf Report

Column Contributions

split History
K Fold Crossvalidation

~ Partition for Y Ordinal

Split H Prune H Go ||CDIDr PDints‘

Term
LTG
BMI

BP
Glucose
Age
Gender
Total Cholesterol
LDL
HDL
TCH

4 Split History
1.00

0.75

0.50

R-Square

0.25

0.00

K-Fold in Green

k-fold

Overall

1 Column Contributions

Number
of Splits

[EN]

2
1
1
0
0
0
0
0
0

1 Crossvalidation

-2LoglLike RSquare
5 Folded 669.107348

623.03346

Number
RSquare N of Splits P _
0288 442 7| g Number
RSquare N of Splits
0294 442 8
G"2 Portion 4 Crossvalidation
149.164044 S | 0.5871 k-fold -2LogLike RSquare
67.0550368 ] 0.2639 5 Folded 67224628 0.2336
2663277447771 5 0.1048 Overall 616.251031  0.2943
11.2326879 0 | 0.0442
0 0.0000
0 0.0000
0 0.0000 <K-Fold Cross validation O Cisi{ A= Of2f LH& & x>
0 0.0000
0 0.0000 Randomly divides the original data into K subsets.
0 0.0000 In turn, each of the K sets is used to validate the model
fit on the rest of the data, fitting a total of K models.
The final model is selected based on the cross
validation RSquare, where a stopping rule is imposed
to avoid overfitting the model. This method is useful
for small data sets, because it makes efficient use of
limited amounts of data.
- Number of folds.
- 2Loglike or SSE
T Gives twice the negative log-likelihood (-2LogLikelihood)
values when the response is categorical. Gives sum of
4 5 g 10 13 14 squared errors (SSE) when the response is continuous.

Number of Splits

0.2372
0.2876

ol X0l M= Split O] 837t | H
K Fold R-sq %t0| Zi0t&d 2 & == ULt

The first row gives results averaged over the folds. The
second row gives results for the single model fit to all
observations.

RSquare

The first row gives the RSquare value averaged over the
folds. The second row gives the RSquare value for the
single model fit to all observations
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Partition [Decision Tree]

7. Split 27 WAL, QAR =7 o™
Graph 7t =&Y 7<|E | ofzfet €2

0| 83t0 Graph & 7Zt2fstet o= UL}

lsE

TLTG>=4.6052

1) Display option 0| A{ ‘show tree’ Tt 41 EH
-

Show Points

Show Tree

[

[LT6<5.2679) = LTG>=52679

Show Graph

Show Split Bar
Show Split Stats
Show Split Prob

T BMI>=278
TBP<100

T LTG<4.6052

|
[~Bmi<27.8] [~BMI>=25.1] " BMI<25.1]

~LTG>=4.9488

| = Glucose>=94‘ | = Glucose<54|

I

[~LDL<1438] ~LDL>=1438

Show Split Count
Show Split Candidates
Sort Split Candidates

Show split bar & F7tH 22 ME
_ |
]
“BMI<278 TBMI>=251 TBMI<25.1

*BMI-=278
I

~BP>=100
I

2) Partition for Y Ordinal 9| 1% #7HA

AAMZES click & ‘small tree view' &
MEdDt 2o Aat

TLTG<5.2679
I

TLTG==5.2679
I

~BP<100
L

TLTG==49488
I

TLTG<4.9488
L]

~Glucose>=94 ‘
I

~Glucose <94
|

———

TLDL<1438
|

~ILDL>-1438 ‘
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Partition [Decision Tree]

8. &4 21 M

1) Partition for Y Ordinal 2| &IZ 74
AMZH click &
save column / save prediction formula = &
2) data table O BF-SX|0f| CH] =Tt =& 34O
AWM
o oo
3) Column header O A O A QLEZR S &
formula 2 MEISHH =4S =olg = Qf

-

4) 9+eF B2 X| 7} continuous data 2HH
OtzHet Z0| vy of CHot = gto =2 HHE

Y Predictor
231.34090909
96.30994152
178.21212121
162.68103448
96.30994152
96.30994152
96.30994152
96.30994152
159.74468085
178.21212121
96.30994152
159.74468085
96.20994152
162.68103448
96.30994152
162.68103448
231.34090909

Prob(Y Ordinal==Low) |Prob(Y Ordinal==Medium) | Prob(¥Y Ordinal==High)

0.0104864152
0.8897967786
04979518485
0.4660180738
0.8897967786
0.8897967786
0.8897967786
0.6071443625
0.6071443625
0.3531724529
0.8897967786
0.6071443625
0.8897967786
04660180738
0.8897967786
0.4660180738
0.0104864152
04660180738
0.6071443625

0.2423352132
0.0869649757
0.3985573976

0.257968141
0.0869649757
0.0869649757
0.0869649757
0.2396887074
0.2396887074
0.0224569776
0.0869649757
0.2396887074
0.0869649757

0.257968141
0.0869649757

0.257968141
0.2423352132

0.257968141
0.2396887074

Most Likely Y
Ordinal

0.7471783717 High
0.0232382458 Low
0.1034907539 Low
0.2760137852 Low
0.0232382458 Low
0.0232382458 Low
0.0232382458 Low
0.1531669301 Low
0.1531669301 Low
0.6243705695 High
0.0232382458 Low
0.1531669301 Low
0.0232382458 Low
02760137852 Low
0.0232382458 Low
0.2760137852 Low
0.7471783717 High
0.2760137852 Low
0.1531669301 Low

!'ls Missing (LTG) & LTG 2 4.6052 = If

= If

{Is Missing (BM!) & BMi = 27.8

else

!'Is Missing (BM!) & BMI = 251

else

{Is Missing (8P) & BP=100 = If

else = If

= 0.4660180738

= 0.6071443625

= 0.8897967786

Is Missing (LTG) | LTG = 5.2679 = 0.0104864152
else = 0.0576171775

!'ls Missing (Gtucose) & Glucose = 94
! Is Missing (LTG) & ILTG = 49488 = |If

else

else = 0.4979518485
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Hu:CIE WHS(M)-fitY by X

. ~ILogistic Fit of Y Ordinal By Age 4 ~|Contingency Analysis of Y Ordinal By Gender 4 ~|Logistic Fit of Y Ordinal By BMI
2 ORI MOl B4 EX 8-S K| Y(ordinal) S R — . 00— e
= = [ LT .
TV & MBSIE QXIS ROFLE O[Tk - = YA
0.75
-t H -t — [ r
Ol E-I L %&! O" To‘='|-o|-: _ Medium _ Medium
SR 24 W i trso, : - : -
ol ol o E E T 050
IMP 3} CheRs WS x| @ehn QUL o S : :
— o o - o
Jha THES Ol 2 = JEX|Of Chaf Zters| Avjste :
Low 025- Low
i 0.00 s
1. Ag?ly{hg /Fy by X o 3ot 0 0 5 o 3 4
1) SIAtE 2 8BS X v of et 2tEdS conder BMI
=K}
2) =44 L4 Data 2| Modeling type(35H, IEILo?;Etic Fit of Y Ordinal By BMI AIEILoP;Etic Fit of Y Ordinal By BP AEILoﬂ;Etic Fit of Y Ordinal By Total Cholesterol
- -t o - -t B B
NEY, BEY) 2 JMP 7t At52 2 Q14|50
3t o ~ High High
ojof Metet 4 HHE Ats MEiSHY “ “
_E_&I -c')-H Z'I_C_El_ 0.75+ L - 0.754 L - 0.754
3) 2IXHE 24 ZAutof Chs 22f= 2t Za|5tHH 3 Medm Medm
= o 4 i o il i - il
QEZN ZC g 050 g 050 T os0
> > >
025- po 025- po 025-
MixEd PI aﬁD"ﬂs 0.00 0.00 L e e e ) B ) E | 0.00 T T T T T T T T T
‘ . 60 70 80 90 100 110 120 130 100 150 200 250 300
. i i BP Total Cholesterol
!
Eivaria.te_ DI"IEWE}I’ E‘Lnﬁggticfit?ft?:jir:al-fgfl-:l-)L - Alian_?;;ticfitufl\’ Ordinal ByT::H A‘E'Loﬂ;;ticFitnf\'Drdina!ByLTG AE‘LoﬁS;ticFitofVDrdinaI By Glucose
T ."_":.':"-."‘f“,:"' : . |High > ‘|’ . !' A High High High
- f ..‘ir_ 075 | o Tl (RN S N . L 075 | L 075 | L
_ e Medium _ : 'I L Medium _ Medium _ Medi
LDgIEtIC Coﬂtingenc}f :E’ 050- I ?EJ os0 * 3 I : [ g 050- [ SE 050
> e - - - -
. I L8
4 th . 0.25- Low 0.25- i '3' Low 0.25- Low 05 Lo
. RS W LI :
2 O|Al data 2| modeling type 2 SRR nae :
JMP 7 |- Ol_l*_l'5|-0:| %% A_ﬂ |:||EOI_|'9| “P9 3 40 0 @ 70 & %0 10 R S A " o
HDL TcH

SN weg RS0z Meygic
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& : CHE W S(2) - Fit Model

2. Analyze / Fit Model
1) fit Y by X @t =2|, Fit Model O & MEHE
BE QXNE BFLHoE 15, ¥ o

<QIXF MH>

i3t Qatz = SAIBHC} #Effect Summary 4 Effect Summary
Source PValue
2) A& ZA wot otz 28 Bt Y o 0.00000 Source LogWorth ~ PValue
IXIS 7to| 4228 58 24Y = ULt L6 00005 LTG 16.919 ~ 1 |0.00000
endaer I — i H i H H H
o ] ) ) L o Total Cholesterol 0.03713 BMI 7.660 ::I [ A . 0.00000
3) Prediction Profiler, Simulation 7|5 &2 LDL 0.07892 BP 5.852 | A T A A 0.00000
o|gsto] ECt Hust #Mg & 4 ot o s Total Cholesterol 4078 | ¢ 0 ¢ @ ¢ |0.00008
Glucose 0.62876 Gender 3.120 01 0.00076
L JL2olt LDL 2576 Y 0.00265

<Prediction Profiler>

~ Prediction Profiler

THigh [.485
=

o MediumD.29
> Low 0.225

Gender EMI EP Cholesterol LDL LTG
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