Binary mixzed model examples

1. Opinion on legalized abortion

Response sequence
Gender (1,1,1) (1,1,0) (0,1,1) (0,1,0) (1,0,1) (1,0,0) (0,0,1) (0,0,0)
Male 342 26 6 21 11 32 19 356
Female 440 25 14 18 14 47 22 547

Let (Y;1, Yo, Y;3) be the response to three questions asked of the
same individual, “Do you support legalized abortion under three
scenarios: (1) if the family has very low income, (2) the woman is
unmarried & doesn’t want to get married, (3) woman wants it for
any reason?” Y;; = 1 indicates “yes.” A covariate of interest is
gender: x; = 0 for male z; = 1 for female. A logistic-normal model is

logit P(Yi; = 1) = a+p1I{j = 1}+021{j = 2} +vyxi+u,, u; “s N(0,0%).




Within the same individual, e®* compares the odds of “yes”
comparing “poor” to “any reason.” e’? compares odds of “yes”
comparing “single” to “any reason.” e®2~P1 compares odds of “yes”
of “single” to “poor.” e compares odds of “yes” for females to
males. Agresti’s SAS code:

data new;

input sex poor single any count;
datalines;

111 342

26

11

32

6

21

19

1
1110
1101
1100
1011
1010
1001
1000
2111
2110
2101
2100
2011
2010
2001
2000




data new; set new;
sex = sex-1; case = _n_;
ql=1; q2=0; resp = poor; output;
ql=0; qg2=1; resp = single; output;
ql=0; g2=0; resp = any; output;
drop poor single any;
proc nlmixed gpoints = 50;
parms alpha=0 betal=.8 beta2=.3 gamma=0 sigma=8.6;
eta = alpha + betal*ql + beta2*q2 + gamma*sex + u;
p = exp(eta)/(1 + exp(eta));
model resp ~ binary(p);

random u ~ normal(0,sigma*sigma) subject = case;

replicate count;

added the following to get estimates of interest:

estimate ’odds: poor vs. any ’> exp(betal);
estimate ’odds: single vs. any ’ exp(beta2);
estimate ’odds: single . poor’ exp(beta2-betal);
estimate ’odds: female . male’ exp(gamma) ;

The output looks like:




Parameter Estimates

Standard
Parameter Estimate Error DF t Value Pr > |t Lower Upper Gradient
alpha -0.6222 0.3812 1849 -1.63 .1028 -1.3698 0.1255 0.000588
betal 0.8358 0.1602 1849 5.22 .0001 0.5217 1.1500 -0.0004
beta2 0.2929 0.1568 1849 1.87 .0619 -0.01465 0.6004 0.000506
gamma 0.01272 0.4936 1849 0.03 .9794 -0.9554 0.9809 0.000306
sigma 8.7878 0.5565 1849 156.79 .0001 7.6964 9.8791 -0.00032

Additional Estimates

Standard
Label Estimate Error DF t Value Pr > |t Alpha Lower Upper
odds: poor . any 2.3068 0.3695 1849 6.24 <.0001 0.05 1.5821 3.0314
odds: single . any 1.3403 0.2102 1849 6.38 <.0001 0.05 0.9281 1.7525
odds: single . poor 0.5810 0.09137 1849 6.36 <.0001 0.05 0.4018 0.7602
odds: female . male 1.0128 0.5000 1849 2.03 0.0429 0.05 0.03226 1.9933

According to this (additive) model, there are significant differences

within individuals on how they feel about legalized abortion
depending on the circumstance. There is no significant difference due
to gender. Under which circumstance is one’s position on legalized

abortion most favorable? Least?




The estimate of & = 8.8 is quite large relative to the magnitude of

the fixed effects (which are all less than unity). This reflects extreme

heterogeneity in subject-to-subject response clusters (Y;1, Yo, Yi3).
1595 of 1850 subjects answered either (0,0,0) or (1,1,1). Does this

also jibe with what we know about abortion as a “polarizing issue?”
Code to fit the marginal exchangeable model via GEE looks like:

data new; input sex poor single any count Q@;
datalines;

11113421110 261101 111100 32
1011 61010 211001 19100 0 356
21114402110 2562101 142100 47
2011 142010 182001 22200 0 457

data new; set new;
case=0; seq=_n_; * nesting case within sequence type (Y1,y2,y3);
do i=1 to count;
case=case+l;
ql=1; g2=0; resp = poor; output;
ql=0; g2=1; resp single; output;
ql=0; 92=0; resp = any; output;
end;
drop poor single any i count;
proc genmod; class case sex seq;
model resp=ql g2 sex / dist=bin link=logit;
repeated subject=case(seq) / type=exch;




This code makes use of nesting. Instead of having one case index

1 = 1,...,1850 for each individual, I have case nested within the type
of sequence (Y1,Y5,Y3), i =1,...,5(i) where j(1) = 342, j(2) = 26,
etc., j(16) = 457. This allows me to quickly get the data into a form
SAS can use in PROC GENMOD. Output:

GEE Model Information

Correlation Structure Exchangeable
Subject Effect case(seq) (1850 levels)
Number of Clusters 1850
Correlation Matrix Dimension 3
Maximum Cluster Size 3
Minimum Cluster Size 3

Exchangeable Working
Correlation

Correlation 0.8173308153

Empirical Standard Error Estimates

Standard  95% Confidence
Parameter Estimate Error Limits Z Pr > |Z]
Intercept .1219 0.0607 -0.2408 -0.0030 -2.01 0.0446
ql .1493 0.0297 0.0911 0.2076 5.02 <.0001
q2 .0520 0.0270 -0.0010 0.1050 1.92 0.0544
.0034 0.0878 -0.1756 0.1687 -0.04 0.9688

.0000 0.0000 0.0000 0.0000




As before, we see attenuation of the effects towards zero in the

marginal model. From the conditional model we compute
¢=1/4/1+0.6(8.79)2 = 0.145. Note that 0.15 is not too different
from 0.12 = 0.145(0.836).

We can estimate the population ratio of odds for “poor” versus
“single” by adding the command estimate "odds poor vs.
single" q1 1 g2 -1 / exp; to the PROC GENMOD statement

yielding:

Contrast Estimate Results

Standard Chi-
Label Estimate Error Alpha Confidence Limits Square Pr > ChiSq
odds poor vs. single 0.0973 0.0275 0.05 0.0434 0.1513 12.50 0.0004
Exp(odds poor vs. single) 1.1022 0.0303 0.05 1.0443 1.1633




2. Longitudinal study of mental health: Table 11.2 (p. 459)
houses data from a longitudinal study comparing a new drug with a
standard drug for treatment of subjects suffering mental depression.
n = 340 Patients were either mildly or severely depressed upon
admission into the study. At weeks 1, 2, and 4, corresponding to

Jj = 1,2, 3, patient i’s suffering Y;; was classified as normal Y;; =1 or

abnormal Y;; = 0. Let s; = 0,1 be the severity of the diagnosis (mild,

severe) and d; = 0,1 denote the drug (standard, new).

We treat time as a categorical predictor and fit a marginal logit

model with an exchangeable correlation structure:

data depress;
infile "c:/tim/cat/depress.txt";
input case diagnose treat time outcome; time=time+l;
proc genmod descending; class case time;
model outcome = diagnose treat time treat*time / dist=bin link=logit type3;

repeated subject=case / type=exch corrw;




GEE Model Information

Correlation Structure Exchangeable

Subject Effect case (340 levels)
Number of Clusters 340

Correlation Matrix Dimension 3
Working Correlation Matrix

Coll Col2 Col3
Rowl 1.0000 -0.0034 -0.0034
Row2 -0.0034 1.0000 -0.0034
Row3 -0.0034 -0.0034 1.0000

Empirical Standard Error Estimates

Standard  95% Confidence
Parameter Estimate Error Limits Z Pr > |Z]
Intercept 0.9812 .1841 .6203 .3421 .33 .0001
diagnose -1.3117 .1453 .5964 .0269 .03 .0001
treat 2.0427 .3061 .4428 .6426 .67 .0001
time 1 -0.9601 .2379 .4265 .4938 .04 .0001
time 2 -0.6207 .2372 .0855 .1559 .62 .0089
time 3 0.0000 .0000 .0000 .0000 . .
treatxtime 1 -2.0975 .3923 .8663 .3287 .35 <.0001
treatxtime 2 -1.0958 .3900 .8602 .3314 .81 0.0050
treat*xtime 3 0.0000 .0000 .0000 .0000
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Score Statistics For Type 3 GEE Analysis

Chi-
Source Square Pr > ChiSq
diagnose 70.83 <.0001
treat 40.38 <.0001
time 15.73 0.0004
treat*time 29.52 <.0001

We see a severe diagnosis (s = 1) significantly decreases the odds of a

normal classification by a factor of e71-3! = 0.27. The odds (or

normal classification) ratio comparing the new drug to the standard

drug changes with time because of the interaction. At 1 week it’s

e2:04=2.09 — 0.95 and week 2 it’s €2947110 = 2.6, and at 4 weeks it’s

e294=0 — 7.7 The new drug is better, but takes time to work.
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Here, the focus is on whole populations of patients at 1, 2, and 4
weeks, and on the new drug versus the standard drug. These

interpretations are not within the individual.
We now consider a conditional analysis

logit P(Y;; =1) = a+ B1s;+ Pad; + Bsl{j =1} + B41{j =2}
+B51{j = 1}d; + Bel{j = 2}d; + u;

where u; ~ N(0,07).

I round parameter estimates from the GEE approach to use as
starting values and fix gpoints=200 (more on this later):

proc nlmixed qpoints=200;
parms a=1 bl=-1 b2=2 b3=-1 b4=-0.5 b5=-2 b6=-1 sig=.1;
eta = atblxdiag+b2*treat+b3*ql+bd*q2+bb*ql*treat+b6*q2*xtreat+u;
p = exp(eta)/(1+exp(eta));
model outcome ~ binary(p);

random u ~ normal(0, sig*sig) subject=case;
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The NLMIXED Procedure

AIC (smaller is better)

Standard
Parameter Estimate Error DF Value Pr > |t Alpha Lower Upper Gradient
a .9822 .1844 339 .33 .0001 0.05 .6194 .3450 0.000363
b1 .3131 .1543 339 .51 .0001 .05 .6165 .0097 0.000909
b2 .0450 .3129 339 .54 .0001 .05 .4296 .6605 0.000101
b3 .9610 .2313 339 .15 .0001 .05 .4160 .5060 -0.00049
b4 .6213 .2256 339 .75 .0062 .05 .0650 .1775 0.000303
b5 .1002 .3958 339 .31 .0001 .05 .8788 .3217  0.00004
b6 .0971 .3852 339 .85 .0047 .05 .8548 .3394 -0.00046
sig 0.07027 .1428 339 .06 .9510 .05 L1777 .3182 0.002123
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The estimate ¢ = 0.07 is small relative to the magnitude of the fixed
effects. Let’s refit the model without the random effects part:

proc nlmixed;
parms a=1 bl=-1 b2=1 b3=-1.5 b4=-1 b5=-0.5 b6=-0.5;
eta = atblxdiag+b2*treat+b3*ql+b4*q2+bb*ql*diag+bb6*q2*diag;
p = exp(eta)/(1+exp(eta));
model outcome ~ binary(p);

with output:

AIC (smaller is better)
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Standard
Parameter Estimate Error Gradient
a .9812 .1809 . . . . . 0.000029
bl .3116 .1462 . . . . . 0.000048
b2 .0430 .3056 . . . . . 6.903E-6
b3 .9600 .2290 . . . . . 6.676E-6
b4 .6206 .2245 . . . . . 0.000017
b5 .0980 .3893 . . . . . -4.79E-6
b6 .0961 .3838 . . . . . 0.000018

The AIC drops without the random effects! We have rather strong

evidence that observations within a cluster (an individual here, taken

at 1, 2, and 4 weeks) are essentially independent when adjusted for

baseline covariates.

Note that the regression coeflicients are essentially the same as those
obtained from PROC GENMOD using the GEE approach. The
absence of subject-to-subject heterogeneity implies that the marginal

and conditional models are essentially the same.
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