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[Abstract] The purpose of this paper was to introduce the regression analysis of the negative hinomial distribution model for the
over — dispersion count data . Firstly the concepts of the over — dispersion count data and the building principle of the negative binomial
distribution regression model were given which included the following two aspects: (Dthe form of the negative binomial distribution
regression model; @the solution for the model mentioned before. Secondly the SAS realization of the negative binomial distribution
regression model was presented. The contents were as follows: (Dcreating SAS data set; @calculating the arithmetic mean and variance
of the dependent variable Y; @checking if there was the over — dispersion in the dependent variable Y; @building a multiple negative
binomial distribution regression model for the dependent variable Y based on all independent variables. The results of the article showed
that under the situation of the severe over — dispersion the harmful results came from the over — dispersion could be adjusted perfectly
by using the negative binomial distribution regression model instead of the Poisson distribution regression model. Otherwise incorrect
results and conclusions could be gotten.

[Keywords] Count data; Overdi — spersion; Poisson distribution regression model; Negative binomial distribution regression

model ; Lagrange multiplier
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1 1 0 0 45 10.5 7.6368
2 9 0 1 53 9.0 7.6992
3 40 0 1 48 10.5 7.0574
4 0 1 0 52 18.0 7.6886
5 1 0 0 40 10.5 7.5415
6 1 1 0 42 10.5 7.3319
7 0 0 1 57 10.5 7.4289
8 0 1 0 23 8.5 7.0978
9 3 0 0 55 10.0 7.8458
2227 0 1 0 38 7.0 7.7232
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0
2
SAS ’
2.1 SAS
SAS “nbd1”
SAS
data nbdl ;

infile d:\SASTJFX\mdvisit. dat;
input id numvisit reform badh age edu loginc;
run,

[SAS 1 2 227
( | 9 )

“ ” “mdvisit. dat”
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“SASTJFX” D o 7
[ (i@ » o« “ » R
(numvisif) 7 “ (reform) (0 = 1= [SAS 1 Poisson
) » o« (badh) (0 — 1 — ) » o« .
(age) 21 (edu) ”» (13
(loginc) 7 Pr >
2.2 numvisit 551.7077 <.0001"
P
SAS
Y « ”»
proc univariate data =nbdl noprint; °
var numvisit; 2.4 « »
output out = aaa mean = ybar var = yvar; Poisson
run,
) SAS “« ”»
proc print data = aaa; .
Poisson

var ybar yvar;

proc genmod data = nbd1 ;

Poisson

1244

0000

6920

1541

4790

8280

6561

6939

9066

“scale = deviance”

3.3418

1.0000

4.3592

1.3044

run;
model numvisit = reform badh age edu logine/link =
[SAS ] . . )
log dist = poisson scale = deviance;
Obs ybar yvar .
run;
1 2.58913 16. 1299 [SAS ]
3 (numvisit) “ ”
2.589 16.130, o
6.23 “ 7o [SAS 1
2.3 Y Poisson
SAS Poisson 2221 7422.
[ ”»
noscale 2221 2221.
Pearson 2221 9681.
) P, X* 2221 2897.
proc genmod data = nbdl; camon
model numvisit = reform badh age edu logine/link = 129.
log dist = nb noscale; -5943.
run; AIC( ) 11899.
[SAS 1 “link =log ATCC( ) 11899,
»
BIC 11933.
; “dist=nb” ( )
o “noscale” Poisson
k ‘©0” Poisson “ i
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Wald 95% Wald Pr >
Intercept 1 -0.4215 0.4917 ~1.3852 0.5422 0.73 0.3913
reform 1 -0.1399 0.0485 ~0.2350 ~0.0448 8.31 0.0039
badh 1 1.1326 0.0554 1.0241 1.2412 418.17 <.0001
age 1 0. 0049 0.0023 0. 0004 0. 0094 4.55 0.0329
edu 1 -0.0118 0.0109 ~0.0332 0. 0095 1.18 0.2781
logine 1 0.1520 0. 0658 0.0231 0.2810 5.34 0.0208
0 1.8281 0. 0000 1.8281 1.8281

Note: The scale parameter was estimated by the square root of DEVIANCE/DOF
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Pearson

“1 ”»

”» [13

2
Pearson X

AIC(
AICC(
BIC(

—-0.4075
-0.1374
1.1312
0.0056
-0.0053
0.1371
1.0021

)
)
)

”»

0.5336
0.0511
0.0748
0.0024
0.0115
0.0712
0.0476

/

2221
2221
2221
2221

2.5 “

proc genmod data = nbd1 ;

model numvisit = reform badh age edu logine/link =

log dist =nb;

run,

[SAS

2412

2693.
2693.
1813.
—-4563.
9140.
9140.
9180.

BIC

Wald 95%
—-1.4533
-0.2376

0.9847
0. 0009
-0.0278
-0.0024
0.9130

. 3464
2412.

3464
5514
5514
1299
3905
7809
8314
7398

0.6384
-0.0372
1.2778
0.0103
0.0172
0.2767
1. 1000

1.0862
1.0862
1.2128
1.2128

Wald
0.58
7.22

228.84
5.39
0.21
3.7

AIC. AICC

Pr >
0.4451
0.0072
<0.0001
0.0203
0.6430
0.0541
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model numvisit = reform badh age logine /noint link =

log dist =nb;

2.6 run;
edu [SAS ]
proc genmod data = nbdl ;
/
2223 2412.1691 1.0851
2223 2412.1691 1.0851
Pearson 2223 2687.2382 1.2088
Pearson X’ 2223 2687.2382 1.2088
1812.7232
—-4563.7972
AIC( ) 9137.5943
AICC( ) 9137. 6213
BIC( ) 9166. 1364
Wald 95% Wald Pr >
Intercept 0 0. 0000 0. 0000 0. 0000 0. 0000
reform 1 -0.1397 0.0510 -0.2398 -0.0397 7.49 0.0062
badh 1 1.1309 0.0745 0.9848 1.2769 230.29 <0.0001
age 1 0. 0056 0.0024 0.0010 0.0103 5.71 0.0169
loginc 1 0.0764 0.0119 0.0531 0.0997 41.17 <0.0001
1 1.0029 0.0477 0.9137 1. 1008
1-0.869619 =13.04% ; N
“ 7 - ~
In u(X) = -0.1397reform + 1. 1309badh + ( )o
0.0056age +0.0764loginc
(X)) = ¢~ 1397+ 1. 1309badh 0. 0056ge +0. T6dlogin
W) © —
(7) M . : 2010: 148 —157.
2 SAS Institute Inc. STAT SAS 9.3 User’s Guide M . Cary NC:
SAS Institute Inc 2011: 2437 —2548 2605 —2804.
[ ) \ : o
M . : 2012: 291 -297.
: -0.1397 ( 12018 -10 - 10)

exp( —0. 1397) =0. 869619
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