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[Abstract] The purpose of the paper was to introduce the construction and solution of multilevel multiple logistic regression
analysis with the multi-value nominal data collected from the unpaired design. Firstly, the basic concepts related to “multi-value
nominal outcome variables” “stratified or multilevel data structures” and “generalized multiple logistic regression models” were
introduced. Secondly, a cross—sectional survey data with two-level was presented. The data contained many independent variables
and a multi-value ordinal outcome variable (in this paper, it was treated as a multi-value nominal outcome variable). Finally,
statistical analysis of data was performed by two procedures (GLIMMIX and NLMIXED) in the SAS software. Construction and
solution of multilevel multiple logistic regression analysis with the multi-value nominal data collected from the unpaired design was
preformed and the related output results were compared and explained.
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WA S A ) TZHYERE TR RRRPRAAeD i3 HIVAT  E kS
) . PG (sex)  Fffi (race) ) o
(site) (id) (educ) (age) (cenage) FEIE (regionl)  FEPE (inject)
10 101234 0 1 1 32 =7.79 0 3
10 101235 1 1 1 35 -4.79 0 2
28 288045 0 1 1 42 2.21 1 1
28 288046 0 1 0 43 3.21 1 3
32 321563 1 1 0 44 4.21 0 2
32 321566 0 0 0 35 -4.79 0 2
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proc import datafile= 'C: \Users\Administrator\Desk-

top\d. xlsx’ out=d dbms=xlsx replace; /*1 E{#5' 5 A*/
run;
proc glimmix data=d method=rspl;  /¥2 #F1TZ(EH#4

SCFEREZ2 KA logistic 7] 1%/

class site inject;

model inject=regionlrace sex cenage educ/sdist=multi
link=glogit ddfm=bw;

random int race/subject=site group=inject;
nloptionstech=nrridg;
run;

proc nlmixed data=d; [ *3— G AL EIR A
A/

parms

2a0=-0. 9 gal_region=1. 4 ga2rac=-0. 75 ga3reg_rac=0. 32
gadsex=—0. 16 gaScenage=0. 02 gabeduc=0.05 v_u0a=
0. 81 v_ula=0. 18

gb0=-0. 08 gbl_region=0.96 gh2rac=-0.69 gh3reg rac

=0. 10
ghdsex=0.01  gh5cenAGE=0.02 GB6EDUC=0. 05
V_UO0B=0. 40 V_U1B=0. 08;
etal=gaO+gal_region*region+ga2rac*race+
ga3reg_rac*region*race+gadsex*sex+
ga5cenage*cenage+gabeduc*educ+(ula+ula*race) ;
eta2=gh0+gh1_region*region+gh2rac*race+
gh3reg_rac*region*race+gh4dsex*sex+
gbScenage*cenage+ghbeduc*educ+(uOb+ulb*race) ;
if inject=3 then p=1/(1+exp(etal )+exp(eta2));
else if inject=1 then p=exp (etal)/(1+exp (etal) +exp
(eta2));
else if inject=2 then p=exp (eta2)/(1+exp (etal ) +exp
(eta2));
l=log(p);
model inject~general (11) ;
random uQa ula uOb ulb~normal ( [0, 0, 0, 0] ,
[v_u0a,0,v_ula,0,0,v_u0b,0,0,0,v_ulb])
subject=site;
run;

(DRI )RR P 3Ly 320, 55 1 0 02 5 AR 4L,
Jei L oy B e, 23 A8 A9 2 GLIMMIX i 2
NLMIXED i 2.
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W 22 28009 43 2 . Nloptions i 4] H1 Y tech 8 &
T Newton—Raphson U4 %8 2 A 4k ik R 47 R 26 14
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Random 1547 45 & BEHLAL N DL S B 1434 o Subject
TEIUE SCRRALASON, A E— T AR
4.2 FERMHERRBRE

Dimensions
G —side Cov. Parameters 6
Columns in X 14
Columns in Z per Subject 6
Subjects (Blocks in V) 20
Max Obs per Subject 1311

Covariance Parameter Estimates

Solutions for Fixed Effects

effect inject estimate
Intercept 1 -0. 9002
Intercept 2 -0.0773
region 1 1.4047
region 2 0.9622
race 1 -0. 7523
race 2 -0. 6928
region*race 1 0.3218
region*race 2 0. 0990
sex 1 -0. 1638

sex 2 0.0102
cenage 1 0.0155
cenage 2 0.0235
educ 1 0. 0526
educ 2 0.0513

P b SAS £5 52 GLIMMIX F i 45 5 . SAS
i th 1% Dimensions fi 75 #55 BY A 6 > BEAILZL L , 107
Convariance Parameter Estimates { . 78 T 4 /> Bfi #ll
BN, LR PR BEALON A EH TS B4, T
GLIMMIX & 782 7 2 fit i ML AR A 81 b 35 PR K
B, A Fe A DR R NLMIXED 3 B2 8 A Hge 127
B,

SAS #i H1 i) Solutions for Fixed Effects #8341 H}
144 8 2 S5 THE, BINEEAS logistic [HEHAL A 7
ANZBAGIHE . H140, Intercept] Fl Intercept2 43 5l
S LSS 24 logit YRR REMETHE . )
At 205 A 1 R A LA T 0 3 KA L AR
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Cov Parm  Subject  Group Estimate Standard Error
Intercept  site  inject 1 0. 8052 0. 3067
race site inject 1 0.1882 0.1035
Intercept ~ site  inject2 0. 3958 0. 1480
race site inject2 0.0768 0. 0567
Intercept  site  inject 3 0. 0000 -
race site inject 3 0. 0000 -
error df t value Pr>|tl
2517 10 -3.58 0. 0050
. 1785 10 -0. 43 0. 6740
. 5187 10 2.71 0. 0220
. 3808 10 2.53 0. 0300
. 1536 10 -4.90 0. 0006
. 1035 10 -6. 69 <0. 0001
. 3426 10 0.94 0. 3696
. 2607 10 0. 38 0.7121
. 0673 9800 -2.44 0.0149
. 0556 9800 0.18 0. 8553
. 0042 10 3.71 0. 0041
. 0033 10 7.10 <0. 0001
. 0615 9800 0. 85 0.3927
. 0491 9800 1. 04 0.2961

HOH o exp (- 0.9002) = 0.41(P = 0.0022); & 12
B2 52503 MILREA G E 2R R
exp( = 0.0773) = 0.93(P = 0.6700). P 4~ logit 77 ,
region A GeitaE 22 5, K0 1 52003 Ih#k, k4
[t 3 exp (1.4047) = 4.07(P = 0.0068 ); 25 51 2 524
3R, KA E R exp(0.9622) = 2.67(P =
0.0115). K& HIV T XA FRIk RS K54 5
WA PR . HAFE AR, 27K logistic
[ Y15 SR B T 22 YR logit 2845, IR I A B i 28 1455
JE B ELAAR ) Logit IV 5 808 ——XJ Jif . region Fl race
Z 0] 55 2 58 HAE FIAE WA logit I B4 T4 2
SLCPAESY 314 0. 3696 F110. 7121) .
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Specifications Dimensions
Data Set WORK. D )
Observations Used 9824
Dependent Variable inject .
Observations Not Used 0
Distribution for Dependent Variable ~ General
Total Observations 9824
Random Effects uOa ula uOb ulb Subi -
Distribution for Random Effects Normal ubjects .
Subject Variable site Max Obs per Subject 1311
Optimization Technique Dual Quasi—Newton Parameters 18
Adaptive Gaussian Quadrature Points 1
Integration Method
Quadrature
Parameter Estimates
Parameter Estimate Standard Error  DF t Value Pr > ltl 95% Confidence Limits  Gradient
ga0 -0. 9051 0.2513 16 -3.60 0. 0024 —-1. 4378 -0.3723 0.1378
gal_region 1. 4004 0.5156 16 2.72 0.0153 0.3074 2.4934  -0.0752
ga2rac —-0. 7495 0. 1500 16 -5.00 0. 0001 -1. 0674 -0.4316 -0.3412
ga3reg_rac 0. 3208 0. 3280 16 0.98 0. 3426 -0. 3745 1.0162  0.0083
gadsex -0. 1671 0. 0633 16 -2.48 0. 0246 -0. 3098 -0.0243 -0.4161
gaScenage 0.0156 0. 0042 16 3.73 0.0018 0. 0067 0.0244 -0.0118
gabeduc 0. 0531 0.0616 16 0. 86 0.4010 -0.0774 0.1836 -0.2059
v_u0a 0.7951 0.3105 16 2.56 0.0210 0. 1368 1.4534  0.7212
v_ula 0. 1519 0. 0821 16 1.85 0. 0828 -0. 0221 0.3259 -1.1240
gb0 -0.0777 0.1731 16 -0.45 0. 6596 -0. 4446 0.2892 -0.1434
gb1_region 0.9618 0. 3736 16 2.57 0. 0204 0. 1699 1.7537 -0.1325
gh2rac -0. 6939 0. 0994 16 -6.98  <0.0001 -0.9047 -0.4831 -0.2743
gh3reg_rac 0. 0930 0.2656 16 0.35 0.7309 -0. 4701 0.6560  0.1943
ghdsex 0. 0091 0. 0557 16 0.16 0. 8729 -0. 1090 0.1271 -0.0491
ghScenAGE 0. 0236 0.0033 16 7.13  <0.0001 0.0166 0.0307 -0.0208
GB6EDUC 0. 0529 0. 0492 16 1.08 0.2978 -0.0513 0.1572  0.7521
V_UOB 0.3670 0. 1335 16 2.75 0.0143 0. 0839 0.6502  0.5416
V_UIB 0. 0595 0.0481 16 1.24 0.2333 -0. 0423 0.1614  0.1928
DL |- 5 NLMIXED 3 B (0 8 45 58 . 76 NL- DISMOTEZ 2. 2553 55 logit] H1 logit2 1)
MIXED i #2 ) PARMS i 4] th il T8 GA FIGB Bl ML B O 22 ¥ A 48 31 % & X (v_u0a=0. 8 ,
HIZH00 255 1A RIS 24 logistic MIARE R 22 P=0. 02105 V_UOB=0. 37, P=0. 0143) ; A 25 i race [t
B, % N 2B E R UR T CLIMMIX s R 4 BE ML A R 05 25 K4 it % B X (v_ula=0. 15, P=

o Etal Fleta2 5352 P logit PR 24 Tl +5
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HISE AR

Random 1 5] 3¢ 4 4> LA 19 5 22/ 6 07 22
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