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Abstract
Generalized Additive Model (GAM) has been considered as a multivariate
smoother that appear recently in Nonparametric Regression Analysis to avoid
falling in Curse of Dimensionality. We pay attention to the techniques of estimating
GAM either by iterative or non-iterative approach in addition to suggested
approach. Finally, we compare the three approaches using simulations. Smoothing
splines have been taken under consideration as a linear smoother. The research
devoted for Gaussian situation of errors.
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dald

(1) Joa
Jo¥) g dsaill cilial) alaa) Cilidaly oz sially (@S gy LS Qolull GAM il julaa
AMSE GCcVv AMDSE Concurvity

Method 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8
50 0.548170 | 0.536052 | 0.533049 | 0.475217 | 0.464741 | 0.462144 | 0.368265 | 0.372320 | 0.373821 | 0.299255 | 0.479824 | 0.692371
Baﬁ?ﬁfmg 100 | 0.564693 | 0.557057 | 0.555670 | 0.528187 | 0.520579 | 0.519287 | 0.401190 | 0.401346 | 0.401811 | 0.223248 | 0.358964 | 0.557423
200 0.575700 | 0.573208 | 0.572590 | 0.565325 | 0.562903 | 0.562304 | 0.429654 | 0.431804 | 0.431558 | 0.123371 | 0.203830 | 0.338259
S0 0.548379 | 0.536082 | 0.533028 | 0.475398 | 0.464767 | 0.462127 | 0.367926 | 0.371704 | 0.373595 | 0.303184 | 0.485320 | 0.699081
Siéel\élt 100 0.565336 | 0.559487 | 0.558023 | 0.528829 | 0.523379 | 0.522014 | 0.401253 | 0.402895 | 0.402788 | 0.227068 | 0.362551 | 0.558214
200 0.590709 | 0.588120 | 0.587450 | 0.579848 | 0.577345 | 0.576697 | 0.434359 | 0.435169 | 0.435117 | 0.126385 | 0.207460 | 0.344402
Prop. GAM 50 0.573810 | 0.547589 | 0.540719 | 0.505943 | 0.482848 | 0.476788 | 0.370865 | 0.363176 | 0.362324 | 0.442761 | 0.623053 | 0.802633
MV\(IBitCr;V 100 0.581699 | 0.568155 | 0.564909 | 0.550584 | 0.537792 | 0.534730 | 0.390931 | 0.392748 | 0.393614 | 0.358835 | 0.545451 | 0.751490
200 0.574871 | 0.569752 | 0.567723 | 0.563406 | 0.561167 | 0.559984 | 0.417794 | 0.418739 | 0.418316 | 0.126235 | 0.203452 | 0.330099
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(2) Jdsa>

g.'tlﬂ\ GJJA.m Glisal) alaa) calidaly oz Jilally (g )Sil) 225 @S el GAM _pals julaa
AMSE GCcv AMDSE Concurvity
Method 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8
50 0.376166 | 0.364268 | 0.361355 | 0.326044 | 0.315770 | 0.313256 | 0.196323 | 0.194271 | 0.194367 | 0.251501 | 0.388663 | 0.590128
GAM
Backfitting | 100 | 0.377250 | 0.371754 | 0.370472 | 0.352942 | 0.347822 | 0.346626 | 0.205775 | 0.205071 | 0.204622 | 0.176486 | 0.280373 | 0.453794
200 0.374407 | 0.371798 | 0.371141 | 0.367610 | 0.365076 | 0.364438 | 0.210092 | 0.208748 | 0.208386 | 0.098400 | 0.153860 [ 0.265852
50 0.376704 | 0.364257 | 0.361128 | 0.326511 | 0.315760 | 0.313060 | 0.194976 | 0.192952 | 0.193425 | 0.263907 | 0.408526 | 0.618170
GAM
Direct 100 0.380264 | 0.374478 | 0.373046 | 0.355997 | 0.350606 | 0.349272 | 0.205683 | 0.204094 | 0.203857 | 0.189242 | 0.298506 | 0.483064
200 0.477161 | 0.474564 | 0.473890 | 0.470461 | 0.467950 | 0.467298 | 0.212221 | 0.211329 | 0.211467 | 0.101249 | 0.164117 | 0.282760
Prop. GAM 50 0.395710 | 0.369996 | 0.363663 | 0.348928 | 0.326244 | 0.320659 | 0.198415 | 0.190969 | 0.187582 | 0.502841 | 0.603699 | 0.761275
Mvgt(I;V 100 0.388641 | 0.375321 | 0.372188 | 0.367816 | 0.355231 | 0.352270 | 0.200891 | 0.196408 | 0.194402 | 0.399009 | 0.505572 | 0.688285
200 0.373831 | 0.371588 | 0.371045 | 0.367096 | 0.364918 | 0.364391 | 0.207152 | 0.206264 | 0.206704 | 0.169385 | 0.199375 [ 0.291966
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(3) Jya
G 7 3gaill clisal) alaa) Cilidaly oz siBally (@ SH s USH) Gl GAM il julas

AMSE GCcv AMDSE Concurvity

Method 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8 1/2 1/4 1/8
50 0.359577 | 0.347301 | 0.344238 | 0.311616 | 0.301001 | 0.298351 | 0.178571 | 0.172771 | 0.171526 | 0.275227 | 0.418288 | 0.616693
BaCGGIt\{Ii ng 100 0.363571 | 0.357772 | 0.356331 | 0.340059 | 0.334653 | 0.333310 | 0.175661 | 0.174110 | 0.173564 | 0.198885 | 0.314402 | 0.498724
200 0.369017 | 0.366470 | 0.365845 | 0.361822 | 0.359349 | 0.358741 | 0.178820 | 0.177693 | 0.177614 | 0.099867 | 0.154193 | 0.259775
50 0.359673 | 0.347324 | 0.344244 | 0.311700 | 0.301021 | 0.298357 | 0.178664 | 0.172672 | 0.171467 | 0.276516 | 0.420425 | 0.619000
[C);iéel\élt 100 0.367842 | 0.362012 | 0.360558 | 0.344410 | 0.338977 | 0.337621 | 0.179590 | 0.178048 | 0.177495 | 0.199917 | 0.316370 | 0.501073
200 0.529736 | 0.527398 [ 0.526853 | 0.523742 | 0.521480 | 0.520952 | 0.319585 | 0.318770 | 0.318776 | 0.100342 | 0.154986 [ 0.261515
Prop. GAM 50 0.380271 | 0.354244 | 0.347755 | 0.335301 | 0.312353 | 0.306637 | 0.190088 | 0.178651 | 0.175507 | 0.391869 | 0.548048 | 0.739625
MV\CIBitCr:]V 100 0.373511 | 0.359992 | 0.352549 | 0.353562 | 0.340794 | 0.333459 | 0.181818 | 0.175805 | 0.171279 | 0.324806 | 0.478639 | 0.687608
200 0.365333 | 0.363219 | 0.362666 | 0.358620 | 0.356565 | 0.356028 | 0.175349 | 0.174143 | 0.170328 | 0.166725 | 0.179096 | 0.259850
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