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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 finite mixture model regression analysis. Firstly the basic concepts of the regression analysis were introduced.
Secondly the basic principles of the regression analysis were given. Finally the finite mixture model regression analysis was demon—
strated through one example by using the SAS software. The results showed that it was suitable for fitting the frequency distributional
curve for the data with two or multiple samples.
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logint f logint f logint f logint f
0.70 195 1.10 233 1.40 355 1.60 563
1.80 822 1.95 926 2.10 1018 2.20 1712
2.30 3190 2.40 2212 2.50 1692 2.55 1558
SAS
[ ’ 43 ”» ;
“logint” 141 414 o “k .
14 ” ; )
“3 ” o “ » R
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“k” “logint” normal k=2 parms (31 51)7
“ 7 2 3 5.
“ 1 : “dist = normal k =2"
”» R 2
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- SAS 10.30 254 10.35 231 10.40 195 10.45 186
10.50 143 10.55 100 10.60 73 10.65 49
“cattle ” SAS 10.70 28 10.75 36 10.80 16 10.85 9
SAS 10.90 5 10.95 6 11.00 4 11.05
data cattle: 11.15 1 11.25 4 11.30 2 11.35 5
input Loghnt Count @ @ 11.40 4 11.45 3 11.50 1
datalines; :
0.70 195 1.10 233 1.40 355 1.60 563 run,
1.80 822 1.95 926 2.10 1018 2.20 1712 2.3 SAS/STAT  KDE
2.30 3190 2.40 2212 2.50 1692 2.55 1558
2.65 1622 2.70 1637 2.75 1568 2.85 1599
2.90 1575 2.95 1526 3.00 1537 3.05 1561 SAS
3.10 1555 3.15 1427 3.20 2852 3.25 1396 logint
3.30 1343 3.35 2473 3.40 1310 3.45 2453 o
3.50 1168 3.55 2300 3.60 2174 3.65 2050 ods graphics on;
3.70 1926 3.75 1849 3.80 1687 3.85 2416 proc kde data = cattle;
3.90 1449 3.95 2095 4.00 1278 4.05 1864 univar Loglnt / bwm =4:
4.10 1672 4.15 2104 4.20 1443 4.25 1341 freq count:
4.30 1685 4.35 1445 4.40 1369 4.45 1284 un:
4.50 1523 4.55 1367 4.60 1027 4.65 1491
4.70 1057 4.75 1155 4.80 1095 4.85 1019 (348 ]
4.90 1158 4.95 1088 5.00 1075 5.05 912 Distribution and Kernel Density for Loglnt
5.10 1073 5.15 803 5.20 924 5.25 916 6000- "
5.30 784 5.35 751 5.40 766 5.45 833 Z“\;
5.50 748 5.55 725 5.60 674 5.65 690 . \
5.70 659 5.75 695 5.80 529 5.85 639 E /
5.90 580 5.95 557 6.00 524 6.05 473 N
6.10 538 6.15 444 6.20 456 6.25 453 2000
6.30 374 6.35 406 6.40 409 6.45 371
6.50 320 6.55 334 6.60 353 6.65 305 o il Ll 11111 il |
6.70 302 6.75 301 6.80 263 6.85 218 0.675 1.575 2.475 3.375 4275 5.]75;(.)(;71;6.975 7.875 8.775 9.675 10.57511.475
6.90 255 6.95 240 7.00 219 7.05 202
7.10 192 7.15 180 7.20 162 7.25 126 !
7.30 148 7.35 173 7.40 142 7.45 163 |
7.50 152 7.55 149 7.60 139 7.65 161
7.70 174 7.75 179 7.80 188 7.85 239
7.90 225 7.95 213 8.00 235 8.05 256 °
8.10 272 8.15 290 8.20 320 8.25 355 2.4 SAS/STAT  FMM “
8.30 307 8.35 311 8.40 317 8.45 335 »
8.50 369 8.55 365 8.60 365 8.65 396
8.70 419 8.75 467 8.80 468 8.85 515 “ g “
8.90 558 8.95 623 9.00 712 9.05 716 7
9.10 829 9.15 803 9.20 834 9.25 856 ,
9.30 838 9.35 842 9.40 826 9.45 834 .
9.50 798 9.55 801 9.60 780 9.65 849 0
9.70 779 9.75 737 9.80 683 9.85 686 NG 1)@ NG 1)@ 0
9.90 626 9.95 582 10.00 522 10.05 450
10.10 443 10.15 375 10.20 342 10.25 285 SAS
logint o
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proc fmm data = cattle gconv =0; o
model LogInt = / dist =normal k =2 parms(31 51);
. . Parameter Estimates for Normal Model
model + / dist =weibull;
z Pr > Izl
freq count;
. 1 Intercept 3.3415 0.01260 265.16 <.0001
run,
[SAS ] 2 Intercept 4.8940 0.05447 89.84 <.0001
1 Variance 0.6718 0.01287
Fit Statistics .
2 Variance 1.4497 0.05247
-2 Log Likelihood 563153
AIC ( smaller is better) 563169 “ ”
AICC ( smaller is better) 563169 °
[ »
BIC ( smaller is better) 563248
Pearson Statistic 141458 ( )
Effective Parameters 8 ’
1 :N(3.3415 0.6718) =N(3.3415
Effective Components 3 0. 81932) ;
5 2 : N(4.8940 1.4497) =
N(4.8940 1.2040°%) .
Parameter Estimates for Weibull Model
z Pr > Izl
3 Intercept 2.2531 0. 000506 4452.11 <. 0001 9.5174
3 Scale 0.06848 0.000427
“ ” B>0 3=0 0
“ ” o Do =exp(2.2531) =9.5174.
3 W(a B 9) a>0 B =0.0685.5=0-
Parameter Estimates for Mixing Probabilities
z Pr > Izl
1 Probability 0.8106 0.03409 23.78 <. 0001 0.4545
2 Probability 0.5305 0. 04640 11.43 <. 0001 0.3435
“Loglnt” 4370 FI 45 B
BA AR
1 0. 4545 2 S :5 _—_iaé.; al(3.34, 0.67)
0.3435 3 51 i *-k MG v
1 - (0.4545 +0.3435) =0.2020. o h i
4? 31 ’ \
o .
y =0.4545 N(3.3415 0. 81932) +0. 3435 N(4.8%M0 21
1.2040%) +0.2020W(9.5174 0.0685 0) 1
y 2 - 7 07 15 19 25 31 37 43 49 55 61 67 75 79 85 91 97 103105113
Loglnt
y 2
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SAS

proc fmm data = cattle gconv =0;
model LogInt = / dist = normal k =2;
model + / dist = weibull;
freq count,
run,

ods graphics off;

[SAS )| SAS
SAS
[SAS 1
1 Intercept
2 Intercept
1 Variance
2 Variance

SAS

Fit Statistics

-2 Log Likelihood 564431
AIC ( smaller is better) 564447
AICC ( smaller is better) 564447
BIC ( smaller is better) 564526
Pearson Statistic 141228
Effective Parameters 8
Effective Components 3
5
AIC. AICC BIC (
)

Parameter Estimates for Normal” Model

9.2883
4.9106
0.4158
1.7410

:N(9.2883 0.4158) =N(9.2883 0.6448%) ;
2 :N(4.9106 1.7410) =N(4.9106 1.3195%) .

Parameter Estimates for “Weibull”Model

A Pr > |zl
0.005031 1846.28 <. 0001
0. 02604 188.56 <. 0001
0. 005086
0.02753
z Pr > Izl
462.71 <. 0001 3.6358
Zazexp(1.2908) =3.6358.pB =
0.2093.3 =0,

3 Intercept 1.2908 0.002790

3 Scale 0.2093 0.001311
3 W(a B 9J) a>0
B >0 5=0 o

1 Probability -0.
2 Probability -0.
1
0.3745

Parameter Estimates for Mixing Probabilities

8280 0.01922
1505 0.03678
0.1902. 2
3

1 -(0.1902 +0.3745) =0.4353,

z Pr > |zl
-43.08 <. 0001 0. 1902
-4.09 <. 0001 0.3745

y=0.1902 N(9.2883 0.6448%) +0.3745 N
(4.9106 1.3195%) +0.4353W(3.6358 0.2093 0)
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