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[Abstract] The paper introduced the basic principle, modeling strategy and key points of the one—level multiple logistic
regression analysis of the multi-value nominal data collected from the unpaired design. In order to analyze the influencing factors of the
choice of treatment for patients with non—ST—segment elevation myocardial infarction (NSTEMI) of the real example, and to predict
the appropriate treatment according to the important characteristics, it was built that the one—level multiple nominal logistic regression
model with and without variable selection by using SAS 9.4 software. The regression results showed that the regression coefficients of
the same variable had algebraic relations in different logit functions. Multiple nominal logistic regression analysis could deal with the
regression problem of the multi—value nominal data and with the help of SAS software. We could establish a concise model by filtering
the insignificant independent variables.
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proc logistic data= nstemi;

class Gender Smoking Drinking Hypertension

Diabetes Stroke Hyperlipemia HoMI PCI CABG;

model Trt (ref="0") = Age Gender Smoking Drinking
Hypertension

Diabetes Stroke Hyperlipemia HoMI PCI CABG KIL-
LIP / link=glogit;

model Trt (ref="2") = Age Gender Smoking Drinking
Hypertension

Diabetes Stroke Hyperlipemia HoMI PCI CABG KIL-

LIP / link=glogit ;
run;
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Age -0. 0340 0. 0065 <0. 0001 -0.0170  0.0112  0.1281 -0.0170 0.0106  0.1090
Gender 0.1572 0.0791 0. 0469 0.1666  0.1370  0.2240 -0. 0094 0.1331  0.9436
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KILLIP -0. 6773 0. 1420 <0. 0001 -0.8922  0.2953  0.0025 0.2149 0.3024  0.4772
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proc logistic data= nstemi;
class Gender Smoking Drinking Hypertension
Diabetes Stroke Hyperlipemia HoMI PCI CABG;
model Trt (ref="0") = Age Gender Smoking Drinking
Hypertension
Diabetes Stroke Hyperlipemia HoMI PCI CABG KILLIP/
link=glogit selection=stepwise SLENTRY=0.05 SL-
STAY=0.05;
run;
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B S. E. P B S.E. P B S. E. P
Intercept 3.96 0.4154 <0.0001 0.75 0.7206 0.2993 3.2139 0. 6826 <0. 0001
Age -0. 04 0. 0059 <0.0001 ~0.02 0.0101 0.0319 -0.0211 0. 0095 0. 0272
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B 1
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