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[Abstract] The purpose of this paper was to introduce the regression analysis of the zero — inflated Poisson distribution model.
Firstly the concepts of the zero — inflated count data and the building principle of the zero — inflated Poisson distribution regression
model were given which included the following two aspects: (Dthe form of the zero — inflated Poisson distribution regression model;
the solution for the model mentioned before. Secondly the SAS realization of this kind of model for the zero — inflated count data was
presented. The contents were as follows: (Dcreating SAS data set; @displaying the frequency of the count dependent variable Y; 3
calculating the arithmetic mean and variance of the count dependent variable Y; (@ building a multiple zero — inflated Poisson
distribution regression model based on all independent variables. The results of the article showed that the satisfaction of the fitted
effects could be gotten by building the zero — inflated Poisson distribution regression model to the zero — inflated count data with the not
severe over — dispersion.
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2 Poisson SAS
2.1 SAS
SAS “catch”
SAS
data catch;
input gender $ age count @ @ ;
if gender = “F “then sex =0;
else if gender ="M “then sex =1;
datalines;
F 48 12 M 27 0
F 49 12 F 45 11
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proc freq data = catch;
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tables count/out = aaa plots = freqplot;

run;
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28 53.85
34 65.38
36 69.23
39 75.00
40 76.92
43 82.69
44 84.62
45 86.54
46 88.46
47 90.38
48 92.31
50 96. 15
52 100. 00
count =0
53.85%

F 50 0 M 52 4
F 23 1 F 17 0
F 26 0 F 30 0
F 52 18 M 23 1
F 33 3 M 26 0
M 51 10 F 48 5
M 2 0 M 41 0
M 31 1 M 17 0
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2.3 count
SAS “0”

proc univariate data = catch (where = (count ne 0))
noprint;

var count,

output out = aaa mean = mfish var = vfish;
run,

proc print data = aaa;

run,
[SAS ]
Obs mfish viish
1 5.83333 27.0145
“©”
5.83333, 27.0145 4.63
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Obs mfish vfish proc fmm data = catch;
1 2.69231 20. 8054 class gender;
count 32 model count = gender* age/dist = Poisson;
run,
7.73 & [SAS ]
“ 7, Fit Statistics
2.4 count -2 Log Likelihood 182.7
Poisson AIC (smaller is better) 188.7
541 " AICC (smaller is better) ~ 189.2
Poisson BIC (smaller is better) 194.6
/% Poisson %/ Pearson Statistic 85.9573
Parameter Estimates for Poisson”Model
sender ’ Pr> 1zl
Intercept -3.9811 0.5439 -7.32 <0.0001
age® gender F 0.1278 0.01149 11.12 <0.0001
age® gender M 0.1044 0.01224 8.53 <0.0001
run,
[SAS ]
° Fit Statistics
2.4.2 SAS ~2 Log Likelihood 162. 1
AIC (smaller is better) 170. 1
/% * AICC (smaller is better) 171.0
proc fmm data = catch; BIC (smaller is better) 177.9
class gender; Pearson Statistic 38.3597
model count = gender* age/dist =nb;
Parameter Estimates for Negative Binomial” Model
gender z Pr> Izl
Intercept -4.3816 0. 8160 -5.37 <0.0001
age* gender 0. 1378 0.01957 7.04 <0.0001
age® gender M 0.1130 0.01971 5.73 <0.0001
Scale Parameter 0. 6688 0.3263
“ 7 proc fmm data = catch;
“ Poisson 7 AIC.AICC.BIC class gender;
“Pearson Statistic ( )” model count = gender* age / dist = Poisson;
o model + / dist = Constant;
2.4.3 SAS run;
Poisson [SAS 1
') Poisson Fit Statistics
Poisson -2 Log Likelihood 145.6

409



http: //www. psychjm. net. cn 2018 31 5
AIC (smaller is better) 153.6 Pearson Statistic 43. 4467
AICC (smaller is better) 154.5 Effective Parameters 4
BIC (smaller is better) 161.4 Effective Components 2
Parameter Estimates for Poisson” Model
gender z Pr> lzl
1 Intercept -3.5215 0. 6448 -5.46 <0.0001
1 age™ gender F 0.1216 0.01344 9.04 <0.0001
1 age™ gender M 0.1056 0.01394 7.58 <0.0001
Parameter Estimates for Mixing Probabilities
z Pr> |zl
Intercept 0.8342 0.4768 1.75 0.0802 0.6972
model + / dist = Constant
run,
0 “AIC.AICC.BIC” [SAS ]
« »”
Fit Statistics
° -2 Log Likelihood 144.4
@ Poisson AIC (smaller is better) 152.4
Poisson AICC (smaller is better) 153.3
BIC (smaller is better) 160.2
proc fmm data = catch; Pearson Statistic 43.7210
class gender; Effective Parameters
model count = gender age / dist = Poisson; Effective Components
Parameter Estimates for Poisson”Model
gender z Pr> Izl
1 Intercept -4.1261 0. 6624 -6.23 <0.0001
1 gender F 0.7922 0.2193 3.61 0.0003
1 gender 0
1 age 0.1178 0.0133 8.86 <0.0001
Parameter Estimates for Mixing Probabilities
z Pr> |zl
Intercept 0.9190 0.4934 1.86 0.0625 0.7148
“AIC.AICC.BIC” )59
« ” ] .o,
71.5%
2.5 « ) . % (
2.5.1 ); . .
“ Poisson
» “yi :0,,; 1 SAS Institute Inc. STAT SAS9.3 User’s Guide M . Cary NC:
« . SAS Institute Inc 2011z 2437 -2548 2605 - 2804.
¥ >0% @ 2 I 2018
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