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Proc GAM

PROC GAM < option > ;
CLASS variables ;
MODEL response = covariates < /options > ;
SCORE data=dataset out=dataset ;
OUTPUT <out=dataset> <keyword> ;
BY variables ;
ID variables ;
FREQ variable ;




Proc GAM

PROC GAM < option > ;
CLASS variables ;
MODEL response = covariates < /options > ;
SCORE
OUTPUT <OUT=dataset> <keyword> ;
BY variables ;
ID ID
FREQ variable ;




MODEL

MODEL response = covariates < /options > ;




MODEL

MODEL = SPLINE ( ' DF=3)
PARAM ( |
/ DIST=BINOMIAL;
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data Kyphosis;
iInput Age StartVert NumVert Kyphosis @@;
datalines;
71 530 1581430 1285 41
2 150 1 1540 1 16 20
61 172 0 37 1630 11316 20
50 126 1 82 1451 14816 30
18250 1 1240 2438 80
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SAS

PROC GAM DATA=Kyphosis;
MODEL Kyphosis = PARAM(StartVert NumVert)
SPLINE(Age, DF=3)
/ DIST=BINOMIAL,
SCORE DATA=Kyphosis_in out=Kyphosis outl,
OUTPUT OUT=Kyphosis out2 ALL;
RUN;




' SAS

Fhe GAM Procedure

Dependent Variable: Kvphosis

Regression Model! Componentlis) StartVert NumVert

Smoothing Modef Component{s) splinelAge)

Summary of Input Data Set

Number of Observations
NMumber of Missing Observations
Distnbution

Link Function

g3
0
Einomial

Logit

3

Regression Model Analysis
Parameter Estimates

Parameter Standard

Parameter Estimate Error t Value Pr> [t
Intercept -2.15314 1.54821 -1.42 01603
StartVert -020180 0065836 -281 0.0047
NumV¥ert 045391 021021 217 00332
Linear{Age) 0.01136 0.00825 1.40 01830

Iteration Summary and Fit Statistics

Number of local score iterations
Local score convergence criterion
Final Number of Backhtting Iterations
Final Backfitting Criterion

The Deviance of the Final Estimate

8

7.83016E-10

1

1.8075369E-0

54.384484249

Smoothing Model Analysis
Fit Summary for Smoothing Components

Num

Smoothing Unique

Component | Parameter DF GOV Obs
Sp“ne(}:\ge) 0999965 2000000 35171372 al5]

Source

The local score algorithm conversed.

Smoothing Model Analysis
Analysis of Deviance

DF Sum of Squares Chi—Square Pr > ChiSq

Spline(Age)

2.00000

10478475

104785

0.0053




Parameter Estimates

o Linear(Age)

—2.158518

1.54821
—0.20130 006536 —2.91 0.0047
0.43551 021021 217 00332

001158 000523 1.40 01650




Fit Summary of Smoothing Components

u GCV

- 0895895863 2000000 53171372




Analysis of Deviance

x Age

- 2. 00000 10478479 10,4755 0.0033




OUTPUT

kyphosis | fee | Startert | Mumert | P_Kwphosis | P_fige | fdiae_fee | Std_hee | UCLM_fee | LGLM_fee |R_Kyphusis|
1 1] T ] 3 -053 0483 n2a 0529 1539 -0a7 -077
2 1] 153 14 3 -286 -103 0714 0845 0523 -264 -0:4
3 1 128 3] 4 0234 0136 0249 0499 1114 -084 0.eeg
4 1] 2 1 ] -168 -158 145 1.204 0774 -394 -043
] 1] 1 15 4 -5 -162 16533 1.258 0a0v? -4105 -008
] 1] 1 16 2 612 -162 16533 1.258 0a0v? -4105 -005
7 1] f1 17 2 -3 0301 0316 0561 14 -04a -016
] 1] a7 16 3 -35h -0.32 naz n&42 0942 -1h7 -014
q 1] 113 16 2 -260 0554 0246 0496 1526 -042 027
10 1 na 12 ] -054 0261 022 0h&Y 157 -0:a5 1.6
11 1 a2 14 3] -114 0553 nz2va a7y 1,686 -0.33 137
12 1] 143 16 3 -286 -061 0469 0685 0vya -195 023
13 1] 18 2 3] 109 -088 065 0806 0503 -2h6 -058
14 1] 1 12 4 -44 -152 1533 1.258 0e0? -4105 -011
15 1] 243 a a -31 -575 1226 3.h02 1116 126 -021
16 1] 168 18 3 -402 -15 1.076 1.037 0531 -3h4 -013
17 1] 1 16 3 -hE7 -162 16533 1.258 0a0v -4105 -006
15 1] 3 15 ] -0549 0&e7 0281 053 1635 -0.44 -061
19 1] 175 13 ] 237 -186 1415 119 0475 -419 -3
20 1] an 14 3] -4 0.G26 0279 nhza 1.661 -0.41 -045
21 1] 27 a 4 253 -058 0491 070 nye -203 -028
22 1] 2z 16 2 -509 -083 0563 0751 0539 -23 -008
23 1 105 3] ] 143 0586 02a 051 1586 -3 0.4s9
24 1 a5 12 3 -1.39 0747 027 &2 1767 -0.27 2008
20 1] 13 3 2 -0.34 nosz 0262 ne12 1036 -097 -054
26 1 15 2 7 -0z -109 073y 0.ae9 0595 -2 1174
27 1] 9 13 ] -3.70 -1.31 0589 0995 0636 -3.26 -0156
28 1 12 2 14 2723 -12 0549 08 0606 -3 0256
24 1] a ] 3 -343 -1.36 1.043 1.0 065 -3.35 -019
al 1] 100 14 3 -1.377 nysz 0267 0ely 1.744 -0.28 -0.41
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1.034
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-213
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0.434
-0.41
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0421
1.079
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-1.29
-213
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=213
a7
—0.36
1.0249
-0.86

-11
1.378
1.335
1.025
-1.44
-1.73
-158
-1.78
1.366

0433
-1.03
0134
-158
-1.462
-1.62
0.301
-03z2
0554
0.261
0553
-0.61
-092
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-15
=152
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-033
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0032
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' Proc GENMOD

m StartVert, NumVert

m Age

Analysis Of Parameter Estimates

otandard Wald 95% Confidence Chi—
Parameter | DF Estimate Error Limits Square Pr > ChiSg
Intercept 1 1.2457 1.2424 —-1.1833 46848 1.01 03143
Age 1 —(0.0061 .0025 00170 0.0048 1.21 027143
StartVert 1 01972 C0ga7 0.05E4 260 8.0 0,002 7
NumVert 1 —00.3031 01790 —[0.6240 00477 287 00904
Scale 0 1.0000 0.0000 1.0000 1.0000
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