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Binomial MLMs in SAS may be estimated using the nlmixed procedure. Nlmixed is a comprehensive and complex piece of software for mixed models of all kinds. However, running binomial MLMs in it is reasonably straightforward. This guide assumes a basic familiarity with SAS, its interface and its data-handling methods. 

The first example presented here is from Table 2 in our paper, Delayed Recall as predicted by neglect score. The required data are neglect score, r (the number of correct items), and n (the test length). 

title 'Delayed Recall homogeneity';

data delay;

input subno
neglect
r
n;

cards;

1
1
37
50

2
7
26
50

3
8
20
50

4
3
24
50

5
7
32
50

6
6
23
50

7
4
33
50

;

run;

;

Here is the MLM in nlmixed with neglect score predicting delayed recall.

* Be sure to parameterize variance in the log scale;

* Be sure to parameterize the linear model in the logit scale;

proc nlmixed data=delay;

      parms beta0=-0.2 beta1 = -0.1 lsu = 0.0;

      eta    = beta0 + beta1*neglect + u;


* Here we convert the linear model using the inverse of the logit;

      expeta = exp(eta);

      p      = expeta/(1+expeta);
      model r ~ binomial(n,p);


* Convert the log-variance parameter lsu to a variance via exp(lsu);

      random u ~ normal(0,exp(lsu)) subject=subno;

run;
                             The NLMIXED Procedure

                                           Fit Statistics

                               -2 Log Likelihood                   40.9

                               AIC (smaller is better)             46.9

                               AICC (smaller is better)            54.9

                               BIC (smaller is better)             46.7

                                         Parameter Estimates

                       Standard

Parameter  Estimate  Error  DF   t Value   Pr > |t| Alpha    Lower      Upper   Gradient

beta0      0.8873   0.3546   6    2.50     0.0464   0.05    0.01967     1.7549   0.000232

beta1     -0.1260   0.06216  6   -2.03     0.0891   0.05   -0.2781      0.02614  0.001732

lsu       -2.7859   1.2728   6   -2.19     0.0712   0.05   -5.9004      0.3286  -3.64E-6
Next, we present the Table 4 example. 

title 'case-control test 1 and 2';

data table4;

input
subno
casecon
r
n
test
casetest;

cards;

1
0
24
50
0
0

2
0
22
50
0
0

3
0
28
50
0
0

4
0
23
50
0
0

5
0
21
50
0
0

6
0
25
50
0
0

7
0
24
50
0
0

8
0
33
50
0
0

9
0
29
50
0
0

10
0
20
50
0
0

11
1
17
50
0
0

1
0
12
20
1
0

2
0
14
20
1
0

3
0
17
20
1
0

4
0
16
20
1
0

5
0
14
20
1
0

6
0
13
20
1
0

7
0
12
20
1
0

8
0
17
20
1
0

9
0
17
20
1
0

10
0
17
20
1
0

11
1
5
20
1
1

;

run;
;

* NLMIXED assumes the data have been sorted on the ‘clustering’ variable;

* So for this data-set we need to run the SORT procedure before NLMIXED;

* Here is the null model;

proc sort data=table4; by subno;

run;

proc nlmixed data=table4;

      parms beta0=-0.2 lsu = -1.0;

      eta    = beta0 + u;

      expeta = exp(eta);

      p      = expeta/(1+expeta);

      model r ~ binomial(n,p);

      random u ~ normal(0,exp(lsu)) subject=subno;

run;
                                            Fit Statistics

                               -2 Log Likelihood                  150.2

                               AIC (smaller is better)            154.2

                               AICC (smaller is better)           154.9

                                         Parameter Estimates

                  Standard

Parameter Estimate  Error  DF   t Value  Pr > |t|  Alpha    Lower      Upper   Gradient

beta0     0.1866   0.1244  10    1.50     0.1646    0.05   -0.09060    0.4637   -0.00002

lsu      -2.1987   0.6672  10   -3.30     0.0081    0.05   -3.6853    -0.7120    0.000014
* Here is the model with case, test, and their interaction term;
proc sort data=table4; by subno;

run;

proc nlmixed data=table4;

      parms beta0=-0.2 beta1 = -0.6 beta2 = 0.0 beta3 = -0.2 lsu = -2.0;

      eta    = beta0 + beta1*casecon + beta2*test + beta3*casetest + u;

      expeta = exp(eta);

      p      = expeta/(1+expeta);

      model r ~ binomial(n,p);

      random u ~ normal(0,exp(lsu)) subject=subno;

run;
                                            Fit Statistics

                     -2 Log Likelihood                  104.1

                               AIC (smaller is better)            114.1

                               AICC (smaller is better)           117.8

                               BIC (smaller is better)            116.1
                                         Parameter Estimates

                       Standard

Parameter  Estimate  Error    DF  t Value  Pr > |t|  Alpha   Lower   Upper   Gradient

beta0     -0.00800   0.1026   10  -0.08    0.9394    0.05   -0.2365  0.2205   -0.00008

beta1     -0.6582    0.3532   10  -1.86    0.0920    0.05   -1.4450  0.1287   -2.67E-6

beta2      1.0863    0.1859   10   5.84    0.0002    0.05    0.6720  1.5006    0.000022

beta3     -1.5233    0.6258   10  -2.43    0.0352    0.05   -2.9177 -0.1288    6.192E-6

lsu       -3.7016    1.5201   10  -2.44    0.0351    0.05   -7.0886 -0.3146    4.709E-7
SAS and R both use log-likeihood chi-square statistics for evaluating goodness of fit. R compares the models via the likelihood ratio (2(3) = 46.19).  The difference between the -2 log likelihood statistics produced by SAS is very similar (2(3) = 150.2 – 104.1 = 46.1). 
