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[Abstract] The purpose of this paper was to introduce the concepts functions and applying calculation methods by using the
statistical software of the quantile model regression analysis. Firstly the basic concepts of the regression analysis were introduced.
Secondly the current paper illustrated the basic principle of the regression analysis. Finally the quantile model regression analysis was
demonstrated through one example by using the SAS software. The method mentioned above could perfectly solve the problem of the
regression analysis of the data with the following situations: (Dthe dependent variable was not the normal distribution and had the
heterogeneity of variance (@there were some outliers in the data.
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“ SAS SAS/STAT
° QUANTREG “details” ( )
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1 2 2 “Optimization Algorithms” (
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7 o “ ”» “ ”» 43 ”
1.2 n <5 000 m <50
“ 2 °
(11)
“ » o
1.3
2 1
1.3.1
2.1
(13 »
“« ” [ 1] n = 1 000
. “@ ” « ” 5% (
« 0 ) (x % ) .
1 10 (n =1000)
num X1 X2 y num Xy Xy y
1 1.42151 1.13105 21.201 991 —-1.15836 —1.04066 101.788
2 2.00893 0.79083 21.192 992 0.71023 -0.61811 100. 557
3 1.82697 -0.02043 18.602 993 1.04106 0.26261 103. 892
4 —1.49036 -0.93768 -1.025 994 -0.26348 -0.05647 101.371
5 -0.45912 —3.42593 -2.552 995 -1.09514 -1.76723 99.935
6 0.39892 -2.02172 5.997 996 1.65162 —-0.83433 87.594
7 1.08865 —-0.98391 13.049 997 —-0.26465 -0.73262 104.739
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8 —-0.48139 1.33821 11.208 998 0.55630 -1.52099 105. 340
9 —-0.23384 -0.85954 6.060 999 0.05137 0.24319 95.097
10 0. 00900 -0.24376 9.661 1000 —-1.5399%4 0.96521 105. 054
1 11 ~990 980 1000 50 “ 5%
[ 1 1 1000 3 ao
SAS 9.3 QUANTREG “ 7. data a ( drop =1) ;
xiax, oy do i =1 to 1000;
1000 5% ° x1 =rannor( 1234) ;
1 Xy Xy x2 =rannor( 1234) ;
e ( e =rannor( 1234) ;
0- 1) 950 y if i >950 then y =100 +10% e
(12) 0y else y =10 +5% x1 +3% x2 +0.5% ¢;
(13)
output,
y=10 +5% x; +3%* x, +0.5 * ¢ (12)
end;
y =100 +e (13)
run,
(12) (13) Ty 950
. /% 1000 (x1 x2 )
10
*
“0+5+3=18"; vy 5% /
50 “100 ”» 1 o
100. 2.2.2 y
1 1000 y 50
y 950 y “« ” SAS y
50 [ ”» R y
[ )| 1 XX, °
. proc univariate data = a;
vary,
2.2 SAS
histogram y;
2.2.1 .
run;
SAS 1 SAS 2. 1.
2 1 1000
p
Shapiro — Wilk w 0.500517 Pr < W <0.0001
Kolmogorov — Smirnov D 0.308976 Pr > D <0.0100
Cramer — von Mises W -Sq 29.62101 Pr > W-Sq <0.0050
Anderson — Darling A -Sq 162.54 Pr > A-Sq <0.0050
2 1 ‘W 7 y 72 ~120,
’ 2.2.3
1 1000 vy 950
; “r=0.25.0.50 0.75” “
50 y ”»
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50+ [SAS Tmodel “quantile
401 [ =0.250.500.75” SAS
=30/ 0.25.0.50( ) 0.75 3
E: 201 ;
[SAS ]
104 Quantile and Objective Function
0 § 1624 2 4 45 56 64 72 80 88 96 104112 130 Quantile 0.25
Y Objective Function 1282. 8452
. 100y Predicted Value at Mean 9.6857
proc quantreg algorithm = smooth( ratio =.5) data = a;
model y = x1 x2/quantile =0.25 0.50 0.75;
run,
Parameter Estimates
Parameter DF Estimate Standard Error 95% Confidence Limits t Value Pr > Itl
Intercept 1 9. 6957 0.0198 9.6569 9.7345 490.27 <. 0001
x1 1 5.0083 0.0195 4.9701 5.0466 257.09 <. 0001
x2 1 3.0170 0.0148 2.9880 3.0460 204.22 <. 0001
“r=0.25" “ 1/4 7
Quantile and Objective Function
Quantile 0.5
Objective Function 2441.1927
Predicted Value at Mean 10. 0259
Parameter Estimates
Parameter DF Estimate Standard Error 95% Confidence Limits t Value Pr > Itl
Intercept 1 10. 0364 0.0219 9.9934 10. 0794 457.96 <. 0001
x1 1 5.0106 0.0194 4.9725 5.0487 257.90 <. 0001
x2 1 3.0294 0.0186 2.9930 3.0658 163.31 <. 0001
“r=0.50" “ 2/4 o
“( ) . . .
10,0364 Quantile and Objective Function
5.0106  3.0294 Quantile 0.7
( 12) 10-5 3 Objective Function 3512.2464
5% “ Predicted Value at Mean 10.4106
»” « »
Parameter Estimates
Parameter DF Estimate Standard Error 95% Confidence Limits t Value Pr > Itl
Intercept 1 10. 4205 0.0247 10.3720 10. 4690 421.73 <. 0001
x1 1 4.9993 0.0275 4.9453 5.0532 181.90 <. 0001
x2 1 3.0093 0.0280 2.9544 3.0641 107. 66 <. 0001
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2.3 34
2.3.1

proc reg data = a;

model y =x1 x2;

Intercept 1 14. 48953
x1 1 4.39030
x2 1 2.50293
=14.48953
4.39030.2. 50293
(12) 105 3
5%
2.3.2 “ ”

proc robustreg data = a method =lts seed =100;
model y =x1 x2;

run,
SAS
R> =0.9933
LTS Parameter Estimates
Parameter DF Estimate
Intercept 1 10. 0054
x1 1 5.0240
x2 1 3.0598
=10. 0054
5.0240  3.0598
(12 10.5 3
5%
( Least trimmed squares LTS) “
2.3.3

run,

SAS
F=33.76 P <0.0001
R* =0.0634
t Pr > Itl
0.62584 23.15 <. 0001
0.62997 6.97 <. 0001
0.60204 4.16 <. 0001
SAS  REG
(12) .
10.x, 5.x,
3
« ” 0. 1
(14) . (15) . (16):
y =14.48953 +4.39030x, +2.50293x,
(14) (OLS )
y =10.0054 +5.0240x, +3.0598x,
(15) (LTS )
7 =10.0364 +5.0106x, +3.0294x,
(16) ( )
[ ’ ( 12) I3 ” ( 14)
; (15) (16) o
( 43
»” ) 5
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