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[ Abstract] The purpose of this paper was to introduce the concepts and functions and the calculation methods by using the
statistical software of the regression analysis based on the orthogonalization approach. Firstly, the basic concepts of the regression
analysis was introduced. Secondly, the basic principle of the regression analysis was given. Finally, the regression analysis based on

the orthogonalization approach was demonstrated through two examples by using the SAS software. The two distinct conclusions could be

drawn below: (O The method mentioned above could not solve the problem of the regression analysis of the data with the multiple

collinearity. (2) The method mentioned above could perfectly solve the problem of the polynomial regression analysis.
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input id age height weight bmi shp;
cards;
(BeAb i ASTHRLS 13 1 H 50 47 6 1K)
run;
/o LLEREF N T AIEBRAE al +/
data a2
set al ;
x1 = age * age; x2 = age * height; x3 = age * weight;
x4 = age * bmi; x5 = height * height; x6 = height *
weight ;
x7 =height * bmi; x8 = weight * weight; x9 = weight *
bmi;
x10 = bmi * bmi;
run;
/o DA EREF A RAE AR al Beah b A0 Kl
£ a2, EIIR T 10 MIREARE =/

proc reg data =a2;
model sbp = age weight x3 x6 — x10/noint;
quit;

/o PLEREFF 2] REG i3 #2240 dk 4R
a2 A STHRLS J AR Fe AR AR = /
proc orthoreg data = a2;
model sbp = age weight x3 x6 —x10/noint;
quit;

/Pl BRI ] ORTHOREG i3 5 5k T4
Yotk a2 LA SCHRLS JHARA " e DAY /

[ SAS B FFULHT | FE LA 11y SAS B o #-T1/
e /" EREE AR T U

2.1.3 SASHIHERKHB@RE

PAEZS 1A SAS i #2282 (REG i ) #2)y i £
LA RANT

SR HA
AR i ZHRAGIHE FrifEDRE UfE Pro> It
age 1 1.82182 0.49294 3.70 0. 0006
weight 1 —88.00801 26.67636 -3.30 0.0020
x3 1 -0.00971 0.00342 -2.84 0. 0069
x6 1 0. 64569 0.19305 3.34 0.0017
X7 1 4.32456 1.30917 3.30 0.0020
x8 1 -0.05835 0.01884 -3.10 0.0035
x9 1 0.78530 0.25836 3.04 0.0041
x10 1 -2.62458 0.87715 -2.99 0.0046
PAE5E 2 A SAS s #2280 (ORTHOREG 53 ) R /7 1Y £ 2 tH 4 R Ik
AR HE SNii)i SHHE PRiER2E LfE Pro> Il
age 1 1.82181715589926 0. 4929403378 3.70 0. 0006
weight 1 -88.0080067638051 26.676358039 -3.30 0.0020
x3 1 —-0.0097085369946 0.0034186421 -2.84 0. 0069
x6 1 0.64568801124242 0.1930515929 3.34 0.0017
X7 1 4.32455894833146 1.3091729962 3.30 0.0020
x8 1 —-0.05835311867068 0.01883696 -3.10 0.0035
x9 1 0.78529603354244 0.2583605157 3.04 0.0041
x10 1 —2.6245849862356 0. 8771470203 -2.99 0. 0046

Fe# bR T “REG 12" 15 “ ORTHOREG i3 2"

X R — A HAT P L L P [ A PR T 22 F [0l

SIMTRIAE SR T 5 LR A T A SR

K2 (EAT A T 5 22 ai L2 M 0 (] 090 28 i ™

SN (JEHZ weight BT A [0 U5 28 50 B (i HLH: 4 X0

(I F R, AAF S I R & AR o sl e i
198

SAS/STAT Hifj“ ORTHOREG s34 3 A g fifp vk £
HE LRI

2.2 WEAEHRREH ST LG B E
188 5 B R 45 1
BEA — DR 2R, W 1.

2.2.1



Ui R TIAE 2018 4E5E 31 455 3 1] http ://www. psychjm. net. cn

£ EABGERS 10 HEIE(n=101) x=(i-1)/(101 -1);
obs X y obs X y y:lO* *(9/2),
1 0.00 0. 00000 92 0.91 -0.46975 do j=0 to 8;
2 0.0l 0. 60835 93 0.92  —0.64040 y=y * (x = j/8);
3 0.02 0.96313 94 0.93 -0.81205 end;
4 0.03 1.12892 95  0.94  -0.96998 output;
end;
5 0.04 1.15844 9%  0.95 ~1.09421
run;
6  0.05 1.09421 97 0.9 ~1.15844 X L N
/o LR RN T AR T P2k 101 X}
7 0.06 0.96998 98  0.97 ~1.12892 "
B */
8  0.07 0.81205 99 0.98 ~0.96313 .
proc gplot data = Polynomial ;
9  0.08 0. 64040 100 0.99 ~0.60835 plot v # x;
10 0.09 0. 46975 101 1.00 0. 00000 run;
VE:F 1A 11 5 91 19%LdE /o LA BRI Tl 1 R o« /

b 1 YRR (x,y) # SRR, JLpg 1, proc sl data = Polynomial;

model y =xIxIxIxIxIxIxIxlx;

2
run;
1 /o BLERFR A TV GLM 2L B84 LK
Z I £k ] AR = /
0 S . ) ods graphics on;
proc orthoreg data = Polynomial ;
1 effect xMod = polynomial (x / degree =9) ;
model y =xMod;
5 effectplot fit / obs;
00 01 02 03 04 05 06 07 08 09 10 store OStore
B &1k (x,y) B E une
ods graphics off;
/% DL ERRJPJEA TR A ORTHOREG i3 F241
(IR 1 y 40 x AR AR AR LI 2R B IR R I 22 [ 5/
2.2.2 FREHISAS B 2.2.3 SASHHERREME
data Polynomial; DA A2 GLM a4 i th 1 11554
doi=1 to 101;
¥ e e e i Pro> Il
e 0.44896 0. 125479 3.58 0. 0006
X 24. 61062 6.054852 4.06 0.0001
X % X —443.74034 93.388508 -4.75 <0.0001
X % X ¥ X 2626. 90806 B 642.972718 4.09 <0.0001
X % X % X % X —7371.23677 B 2327.022377 -3.17 0.0021
X % X %k X % X % X 10697. 73145 B 4741.598897 2.26 0.0264
X#XHFXHXHXHX —7749.24904 B 5468. 101939 -1.42 0. 1598
Xk X % X % X kX % Xk X 2214.08419 B 3328.355661 0.67 0.5076
X X K X kX KX kX ¥ X KX -0.00610 B 830.439899 -0.00 1.0000
X X% X kXK XkXHXKXEX 0.00000 B - - -
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PAF S “ ORTHOREG i #2 4" fr th 19 3t 8

45

ZH H ZHAEHE
Intercept 1 —-2.17224978239E - 11
X 1 75.9977312439284
X2 1 -1652.40781361802
x3 1 14249. 4539769373
x4 1 —-64932.4615750127
x5 1 173315. 359360303
x"6 1 —-280158. 036459353
x"7 1 269781. 812887142
x"8 1 —142302. 494709869
X9 1 31622. 7766022261
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PrifEiR2s t {5 Pr > Itl
5.841067E - 12 -3.72 0.0003
3.526134E - 10 2. 16E11 <0.0001
6.8407273E -9 - 242E9 <0.0001
5.9828349E -8 2.38El11 <0.0001
2.8072627E -7 -231E9 <0.0001
7.6781594E -7 2.26E11 <0.0001
1.2614251E -6 —222E9 <0.0001
1.2252919E -6 2.2E11 <0.0001
6.4807927E -7 -22E10 <0.0001
1.4379253E -7 2.2E11 <0.0001
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