ONLINE SUPPLEMENTARY MATERIALS
To supplement the paper “On Using Empirical Bayes Predictors from Generalized Linear Mixed
Models to Test and Visualize Associations among Longitudinal Outcomes”, this document
provides 1a) methods and results from an example where both outcomes are assumed to have
normal distributions and 1b) a simulation study based on this example, 2a) methods and results
from an example where both outcomes are assumed to have negative binomial distributions and
2b) a simulation study based on this example, and 3a) additional simulations based on the
example included in the paper (outcomes with negative binomial and Bernoulli distributions)
varying aspects including number of subjects, number of observations per subject, and
magnitude of D and 3b) SAS Procedure NLMIXED code and access to the data to reproduce the
results for the example presented in the paper. Models typically required a few minutes or less to
run, although note that there were convergence difficulties in fitting the joint model assuming
conditional independence for a sizeable number of simulated datasets in section 3a.

1a) Description and Results for ADHD and Depression Severity Example Assuming Both
Outcomes Have Normal Distributions
Data for this example come from a pharmacotherapy trial of bupropion, an antidepressant also
used to treat attention deficit hyperactivity disorder (ADHD) and smoking, in 105 adolescents
(age 13-19 years) with co-occurring ADHD, nicotine, and marijuana use disorders. DSM-IV
ADHD Rating Scale IV [1] provided a measure of ADHD severity and was administered at
baseline and about weekly during the 16 week treatment and the Child Depression Rating ScaleRevised [2] was administered at baseline and about monthly and generated standardized t scores
that corresponded to depression symptomatology.

Assuming both outcomes are normally distributed with identity link functions and linear
relationships with time (measured as days in treatment), b1i and b2i correspond to the intercept
and slope respectively for ADHD score and b3i and b4i correspond to the intercept and slope
respectively for depression score in the ith subject. Subject specific random effects are assumed
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to have a four-variate normal distribution with mean 0 and covariance D for method 1 and
method 2 in stage 1 (described in Section 3 of the paper), and covariance D(3) for method 3 in
stage 1 (described in Section 4 in the paper).

With successful treatment (targeting ADHD and substance use), adolescents’ depression might
also improve. To address questions relevant to this medical application, we estimate and test the
following coefficients with the three methods.
1) Are severity of ADHD and severity of depression before treatment associated? H 0 : 13  0
2) Is the rate of change in ADHD severity associated with the rate of change in depression?

H 0 : 24  0
3) Are rates of change of ADHD and depression associated after adjusting for their baseline
(pre-treatment) levels? H 0 : 2413  0
4) Is the subject-specific rate of change of ADHD (targeted by treatment) predictive of the
subject-specific rate of change of depression? H 0 : θ 4 2  0
5) Is the rate of change of ADHD predictive of the rate of change of depression after adjusting
for their baseline levels? H0 : θ 4 213  0

Weekly ADHD score and monthly depression score were modeled with two bivariate random
effects models and S-Table 3 shows the maximum likelihood estimates from fitting each. The
first assumes conditionally independent outcomes and has an estimated –2 log likelihood
=10910.66. The second assumes completely independent outcomes (i.e. equivalent to separate
univariate mixed models for each outcome) and has an estimated –2 log likelihood =10928.36.
The LRT supports the conditionally independent model (2 = 17.70, df=4, p<0.0014). Based on
that model the expected ADHD severity score on day t is Ey1 t  u1  0  31.00  10.87t and
the expected depression severity score on day t is Ey 2 t  u 2  0  52.85  5.75t .
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S-Table 1. Estimates from the Bivariate Random Effect Models of ADHD Scores and Depression
(depr) Scores in Adolescent Patients
Conditionally Independent
-2lnLkda =10910.66

Outcomes:
Label

Parameter

Completely Independent Outcomes:

Estimate (SE)

t (p>|t| )

-2lnLkda =10928.36
Estimate (SE)

t (p>|t| )

ADHD intercept (int)

1

31.00 (0.78)

t= 39.76 (< 0.0001)

30.98 (0.78)

t= 39.75 (< 0.0001)

ADHD slope

2

-10.87 (0.93)

t =-11.71 (< 0.0001)

-10.77 (0.92)

t=-11.65 (< 0.0001)

Depr int

3

52.85 (0.79)

t = 67.22 (< 0.0001)

52.81 (0.79)

t= 67.25 (< 0.0001)

Depr slope

4

-5.75 (1.05)

t = -5.48 (< 0.0001)

-5.70 (1.05)

t= -5.44 (< 0.0001)

Variances (Var) and Covariances (Cov)
Var ADHD int

d11

54.72 (8.78)

t = 6.23 (<0.0001)

54.70 (8.78)

t= 6.23 (< 0.0001)

Cov ADHD int/slope

d12

7.86 (7.34)

t = 1.07 (0.29)

7.28 (7.32)

t= 0.99 (0.32)

Var ADHD slope

d22

53.02 (11.74)

t = 4.52 (<0.0001)

52.60 (11.62)

t= 4.53 (< 0.0001)

Cov ADHD int/depr int

d13

10.55 (6.37)

t = 1.66 (0.10)

0
0

Cov ADHD slope/depr int

d23

8.23 (7.51)

t = 1.10 (0.28)

Var depr int

d33

46.34 (9.16)

t = 5.06 (< 0.0001)

Cov ADHD int/depr slope

d14

4.17 (8.33)

t = 0.50 (0.62)

0

Cov ADHD slope/depr slope

d24

24.99 (9.53)

t = 2.62 (0.01)

0

Cov depr int/depr slope

d34

1.13 (9.10)

t = 0.12 (0.90)

1.23 (9.16)

t=0.13 (0.89)

Var depr slope

d44

38.11 (15.59)

t = 2.44 (0.02)

37.27 (15.67)

t=2.38 (0.02)

29.54 (1.28)

t = 23.00 (< 0.0001)

29.56 (1.29)

t=23.00 (< 0.0001)

27.98 (2.77)

t = 10.09 (< 0.0001)

28.15 (2.81)

t=10.02 (< 0.0001)

Within-subject var ADHD
Within-subject var depr
a

11
22

46.05 (9.16)

t= 5.03 (< 0.0001)

-2 log Likelihood value for model

Coefficients for associations among the stochastic intercepts and slopes for ADHD severity and
depression severity were estimated and tested with the three methods. S-Table 2 reports method
1 results in columns 2 and 3, method 2 results in columns 4-7, and method 3 results in columns
8-11 for this example.
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S-Table 2. Estimating and Testing Correlation and Regression Coefficients among Stochastic Intercepts and Slopes of ADHD Scores and
Depression Scores in Adolescent Patients with Three Methods
( 2)

Unranked EBPs
Latent Method Using
Coefa

Estimate (SE)b

( 3)

Method 2: b (w2) with b w'

Method 1: b w with b w'

Method 3: b (w3) with b w'

Ranked EBPs

Unranked EBPs

Ranked EBPs

D̂

p >|t|c

Estimate (SE)e

p>LRT 2d

pPermutf

Estimate h (SE)e

pGLMg

pPermutf

Estimate (SE)e

pGLMg

pPermutf

Estimate

pPermutf

pGLMg

(SE)e

pGLMg

ρ13

0.210 (0.120)

p=0.085
p=0.090

0.233 (0.096)

p=0.018
p=0.017

0.211 (0.096)

p=0.031
p=0.031

0.225 (0.096)

p=0.021
p=0.021

0.199 (0.097)

p=0.040
p=0.042

ρ 24

0.556 (0.180)

p=0.003
p=0.005

0.760 (0.065)

p<0.001
p<0.001

0.750 (0.065)

p<0.001
p<0.001

0.370 (0.092)

p<0.001
p<0.001

0.344 (0.093)

p<0.001
p<0.001

ρ 24 13

0.555 (0.177)

p=0.002
p=0.006

0.736 (0.067)

p<0.001
p<0.001

0.730 (0.068)

p<0.001
p<0.001

0.298 (0.094)

p=0.003
p=0.002

0.275 (0.095)

p=0.004
p=0.005

θ4 2

0.471 (0.168)

p=0.006
p=0.005

0.528 (0.045)

p<0.001
p<0.001

0.750 (0.065)

p<0.001
p<0.001

0.238 (0.059)

p<0.001
p<0.001

0.344 (0.093)

p<0.001
p<0.001

θ 4 2 13

0.479 (0.173)

p=0.007
p=0.006

0.523 (0.048)

p<0.001
p<0.001

0.728 (0.068)

p<0.001
p<0.001

0.192 (0.061)

p=0.003
p=0.002

0.266 (0.093)

p=0.004
p=0.005

aCoefficient

(Coef) where for w: 1=ADHD intercept, 2= ADHD slope, 3 = depression intercept, 4= depression slope

bDelta
cp

method based standard error (SE) equivalent to inverse Hessian based SE
value from Wald-type t test

dp

value from Likelihood Ratio Chi-square Test (LRT 2)

eApproximate

 

standard errors for testing that correlation is zero (Sokal & Rohlf,1995), e.g. SE ˆ 13 

2
1ˆ 13
for testing 13=0 or restricted maximum likelihood standard errors
N 2

for regression coefficients from a general linear model (GLM).
fp

value based on 10,000 random permutations (Permut) of residuals from reduced models (Zeng et al. [4])

gp

value from general linear model (GLM) analysis assuming multivariate normality
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Each p-value from the GLM analysis provides a very good approximation of the corresponding
p-value based on random permutations of residuals from reduced models even though the EBPs
do not satisfy the assumptions underlying the GLM analysis. Comparisons between methods are
also similar to those with the example of Section 5 in the paper. Coefficients based on method 2
EBPs are larger than method 1 coefficients, while coefficients based on method 3 EBPs are
( 3)
smaller than method 1 coefficients (except ρ̂13
for unranked data). Coefficients for each method

2 EBP (unranked, ranked) are larger than coefficients for each corresponding method 3 EBP.

In terms of conclusions regarding the significance of the association between change in ADHD
severity and depression severity during treatment, all methods found a positive association
between them regardless of whether data were ranked or unranked and regardless of whether the
correlations were adjusted for baseline levels. The magnitude of that association was larger for
method 2 and smaller for method 3 in comparison to method 1.

S-Figure 1. Scatterplots of Method-Based EBPs for b4 and b2 and Their Regression Lines with the
Method 1 Regression Line Superimposed for Outcomes with Moderately Correlated SubjectSpecific Slopes. A. Method 2 Conditionally Independent Outcomes B. Method 3 Completely
Independent Outcomes
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S-Figure 1 shows scatterplots of the method-based EBPs of slopes (unranked) for ADHD (b4)
and depression severity (b2), with correlation coefficients and regression lines of b4 on b2 for
comparison to method 1. For this example where the association between outcomes is larger,
method 2 provides a better visual illustration of the relationship estimated with method 1 (SFigure 1A) than method 3 does (S-Figure 1B)

1b) Simulations Based on ADHD and Depression Severity (Normal/Normal) Example
For true random slope values, 1000 datasets were simulated, such that values for the two
outcomes and the subject-specific u vector were generated by specifying parameters other than
ρ 24 to be the maximum likelihood estimates obtained for the example (reported in S-Table 1).

Simulations were based on a sample size of N=100 subjects, each with 16 observations. S-Figure
1 panels A-B shows box plots of the distributions of the 1000 estimates of ρ 24 from each method
for (A) ρ24  0 and (B) ρ24  0.56 , the observed MLE from method 1. For method 1 the
correlation of latent u 2 and u 4 was estimated as the usual nonlinear function of elements of D̂
 1)
from a MGLMM and labeled ρ (24
in S-Figure 1. For method 2, the four u’s were predicted by

assuming conditional independence in MGLMMs. Pearson correlation and Spearman rank
 P2)
 S2 )
correlation coefficients between u (22 ) and u (42 ) are labeled ρ(24
and ρ(24
respectively. For
method 3, the u’s were predicted by assuming complete independence with separate models for
each outcome (i.e. MGLMM using D̂ (3) ). Pearson correlation and Spearman rank correlation
 P3)
 S3)
coefficients between u (23) and u (43) are labeled ρ(24
and ρ(24
respectively. Finally, the u vectors
available for each simulated dataset were used to compute correlations between u2 and u4 as

ρ̂(24u )



(u)
ˆ 24
(u) (u)
ˆ 22
ˆ 24

ˆ (u ) 
using elements of Σ

1
u  u  u  u  via Pearson (labeled ρ̂(24P u) )
N  100

Su )
P u)
and Spearman rank (labeled ρ̂(24
) methods. In practice these values of u and thus ρ̂(24
and

Su )
are not observable, but here provide a comparison for our other estimates.
ρ̂(24
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S-Figure 2. Box and Whisker Plots Comparing Distributions of Correlation Coefficients Estimated
with Different Methods from Simulations for Two Values of 24 for Outcomes with Normal
Distributions

For datasets simulated from ρ24  0 (S-Figure 2A), distributions of correlation coefficient
estimates from the different methods are centered at about 0, and distributions for Pearson and
Spearman correlation coefficients appear very similar to one another for each method.
Variability of method 3 coefficients is most similar to the variability of the correlations of
1)
Su )
P u)
simulated u’s ( ρ̂(24
, ρ̂(24
). Variability for the MLE ρ̂ (24
based on the usual latent method 1 is

greater, and the distribution of method 2 coefficients shows the greatest variability. For S-Figure
2B, distributions for Pearson and Spearman correlation coefficients are similar for each method
1)
and the distribution for ρ̂ (24
is unbiased, centered at ρ 24 =0.56. The pattern persists where method
P2)
S2 )
2 estimates of ρ 24 ( i.e. ρ̂(24
, ρ̂(24
) are biased to be greater in magnitude than the true value,

S3)
P 3)
and method 3 estimates that assume complete independence in stage 1 (i.e. ρ̂(24
, ρ̂(24
) are

biased towards zero (i.e. to be smaller in magnitude than ρ 24 ).

S-Table 3 shows the bias and precision for estimating different values of ρ 24 from 1000
simulated datasets using the three methods. To evaluate precision, we again define a
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generalization of root mean squared error (rMSE) as rMSEx, y  





any estimate ρ̂ 24 , rMSE ρ̂24 , ρ24 



1 1000
 ρ̂  ρ24
1000 z 1 24





1)
correlation ρ 24 in column 5, and rMSE ρ̂24 , ρ̂(24




2

1 1000
x  y 2 . Then for

1000 z 1

compares ρ̂ 24 with the true prescribed



1 1000
1)
ρ̂24  ρ̂(24

1000 z 1



2

compares ρ̂ 24 from

1)
methods 2 and 3 with the usual method 1 MLE ρ̂ (24
in column 6.

S-Table 3. Evaluation of Bias and Precision for Estimating Different Values of 24 with Three
Methods from Simulated Datasets Based on Outcomes with Normal Distributions
24
0

0.56

a

Bias Median (IQRb)







Estimate ̂ 24

Mean (SDa)

̂ (24Pu)

0.002 (0.101)

0.000 (-0.066 , 0.072)

0.101

̂(241)

0.003 (0.142)

0.003 (-0.087 , 0.098)

0.142

̂ (24P 2)

0.012 (0.175)

0.013 (-0.103 , 0.135)

0.175

0.036

̂ (24P3)

0.047 (0.104)

0.045 (-0.023 , 0.117)

0.114

0.068

̂ (24Pu)

0.553 (0.070)

-0.002 (-0.053 , 0.043)

0.070

̂(241)

0.562 (0.114)

0.005 (-0.075 , 0.083)

0.114

̂ (24P 2)

0.676 (0.119)

0.127 (0.041 , 0.204)

0.166

0.115

̂ (24P3)

0.441 (0.083)

-0.113 (-0.174 , -0.061)

0.145

0.129

rMSE ˆ 24 , ρ 24

(1)

rMSE ˆ 24 , ˆ 24



SD = standard deviation

b

IQR = interquartile range endpoints

We observe the same biases with methods 2 and 3; when ρ 24  0.56 the mean estimate from
method 2 is larger ( ρ̂ (24P 2)  0.68 ) and from method 3 is smaller ( ρ̂ (24P3)  0.44 ); ρ̂ (241)  0.56 is
1)
unbiased. For the first rMSE column 5, comparing estimated to prescribed ρ24 , ρ̂(24
is more
P2)
accurate than the method 2 estimator ρ̂(24
for values of ρ24 we considered. When ρ24 is small
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P 3)
1)
ρ̂(24P3) is more accurate than ρ̂(24
but as magnitude of ρ24 increases, rMSE for ρ̂(24
increases.
1)
Taken together, these results indicate the method 1 MLE ρ̂(24
is the estimator of choice. The

1)
second rMSE column, comparing method 2 and method 3 estimates to ρ̂(24
values, supports that

plots of the EBPs from method 2 used to illustrate associations are likely to be fairly consistent
1)
with the MLE ρ̂ (24
and better than plots of EBPs from method 3.

2a) Description and Results for Counts of Marijuana Joints and Cigarettes Example
Assuming Both Outcomes Have Negative Binomial Distributions
Data come from the same study and sample of 65 patients utilized in the paper. Assuming both
outcomes have negative binomial distributions and linear relationships with time (measured as
days in treatment), b1i and b2i correspond to the intercept and slope respectively for joints
smoked and b3i and b4i correspond to the intercept and slope respectively for cigarettes smoked in
the ith subject. Subject specific random effects are again assumed to have a four-variate normal
distribution with mean 0 and covariance D for method 1 and method 2 in stage 1, and covariance
D(3) for method 3 in stage 1.

With successful treatment (targeting marijuana use), adolescents should reduce their marijuana
use; their cigarette use might feasibly also decrease as an indirect result of drug treatment or
might increase in compensation for reduced marijuana use. To address questions relevant to this
medical application, we estimate and compare the following associations with the three methods.
(1) Are daily number of marijuana joints smoked and daily number of cigarettes smoked
associated prior to treatment? H 0 : ρ13  0
(2) During treatment, is rate of change in number of joints smoked associated with rate of change
in number of cigarettes smoked? H 0 : ρ24  0
(3) During treatment, are rates of change in joints and cigarettes smoked associated after
adjusting for baseline use of both? H0 : ρ2413  0
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(4) Is the subject-specific rate of change of marijuana use (targeted by treatment) predictive of
the subject-specific rate of change of cigarette use? H 0 : θ4 2  0
(5) Does rate of change of marijuana use predict rate of change of cigarette use after adjusting
for pre-treatment use of both? H 0 : θ4 213  0

S-Table 4. Estimates from the Bivariate Random Effect Models of Marijuana Joints (Mar) Smoked
and Cigarettes (Cig) Smoked in Adolescent Patients
Conditionally Independent
Outcomes:
Label

Parameter

Completely Independent Outcomes:

-2lnLkda =45408.01

-2lnLkda = 45420.20

Estimate (SE)

t (p>|t| )

Estimate (SE)

t (p>|t| )

Mar intercept (int)

1

-0.19 (0.23)

t = -0.85 ( 0.40)

-0.20 (0.23)

t = -0.89 ( 0.38)

Mar slope

2

-0.010 (0.003)

t = -3.23 ( 0.002)

-0.010 (0.003)

t = -3.18 (0.002)

Overdispersion Mar

k1

0.87 (0.037)

t = 23.52 (< 0.0001)

0.87 (0.037)

t = 23.52 (< 0.0001)

Cig int

3

-0.12 (0.43)

t = -0.29 (0.78)

-0.10 (0.42)

t = -0.23 (0.82)

Cig slope

4

-0.0049 (0.003)

t = -1.45 (0.15)

-0.0049 (0.003)

t = -1.47 (0.15)

Overdispersion Cig

k2

0.19 (0.008)

t = 23.02 (< 0.0001)

0.19 (0.008)

t = 23.02 (< 0.0001)

Variances (Var) and Covariances (Cov)

a

Var Mar int

d11

3.03 (0.68)

t = 4.43 (<0.0001)

3.10 (0.71)

t = 4.36 (<0.0001)

Cov Mar int/slope

d12

-0.73 (0.63)

t = -1.17 (0.25)

-0.78 (0.64)

t = -1.22 (0.23)

Var Mar slope

d22

4.63 (1.08)

t = 4.29 (<0.0001)

4.52 (1.04)

t = 4.34 (<0.0001)

Cov Mar int/Cig int

d13

2.28 (0.86)

t = 2.67 (0.0097)

0

Cov Mar slope/Cig int

d23

-1.52 (1.04)

t = -1.46 (0.15)

0

Var Cig int

d33

10.68 (2.58)

t = 4.15 (<0.0001)

Cov Mar int/Cig slope

d14

-0.84 (0.58)

t = -1.46 (0.58)

0

Cov Mar/Cig slopes

d24

-0.016 (0.77)

t = -0.02 (0.98)

0

Cov Cig int/slope

d34

-0.81 (1.49)

t = -0.54 (0.59)

-0.79 (1.39)

t = -0.57 (0.57)

Var Cig slope

d44

3.97 (0.91)

t = 4.37 (<0.0001)

3.92 (0.89)

t = 4.38 (<0.0001)

-2 log Likelihood value for model
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10.27 (2.40)

t = 4.29 (<0.0001)

Daily counts of marijuana joints smoked and cigarettes smoked were modeled with two bivariate
random effects models and S-Table 4 shows the maximum likelihood estimates from fitting each.
The first assumes conditionally independent outcomes and has an estimated –2 log likelihood =
45408.01. The second assumes completely independent outcomes and has an estimated –2 log
likelihood =45420.20. The LRT to compare the two models supports the conditionally
independent model (2 =12.19, df=4, p<0.016). Based on that model, the log of the expected
number of marijuana joints smoked on day t is lnEy1 t  u  0  0.19  0.010t and the log of
the expected number of cigarettes smoked on day t is lnEy 2 t  u  0  0.12  0.005t . Both
overdispersion parameters (k1, k2) are significant (p< 0.0001) supporting the negative binomial
distribution over Poisson for modeling these outcomes. The marijuana use slope is significantly
less than zero, but the cigarette use slope is not, suggesting that on average, only marijuana joint
smoking decreases significantly during treatment and cigarette smoking does not.

Coefficients for associations among the stochastic intercepts and slopes for daily marijuana joints
smoked and daily cigarettes smoked were estimated and tested with the three methods. S-Table 5
reports method 1 results in columns 2 and 3, method 2 results in columns 4-7, and method 3
results in columns 8-11. Each p-value from the GLM analysis continues to provide a very good
approximation of the corresponding p-value based on random permutations of residuals from
reduced models even though the EBPs do not satisfy the assumptions underlying the GLM
analysis. Comparisons between methods are also similar to those with the prior examples for ρ13
, the only coefficient that differs from 0; all other estimated coefficients are close to 0 and are
hence, nonsignificant. Numbers of joints and cigarettes smoked at baseline prior to treatment are
significantly correlated using all methods, but change in joints and change in cigarettes smoked
during treatment are not associated using all methods. This agrees with the results in S-Table 4
showing that the number of joints smoked decreases significantly during treatment but the
number of cigarettes smoked does not.
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S-Table 5. Estimating and Testing Correlation and Regression Coefficients among Stochastic Intercepts and Slopes of Marijuana Joints
and Cigarettes Smoked in Adolescent Patients with Three Methods

Latent Method Using

Coefa

Method 3: b(w3) with b(w3')

Method 2: b(w2) with b(w2')

Method 1: bw with bw'

Unranked EBPs

D̂

Ranked EBPs

Unranked EBPs

Ranked EBPs

Estimate

p >|t|c

Estimate

pPermutf

Estimate h

pPermutf

Estimate

pPermutf

Estimate

pPermutf

(SE)b

p>LRT 2d

(SE)e

pGLMg

(SE)e

pGLMg

(SE)e

pGLMg

(SE)e

pGLMg

ρ13

0.401 (0.116)

p=0.001
p=0.002

0.417 (0.115)

p=0.001
p=0.001

0.418 (0.114)

p=0.001
p=0.001

0.348 (0.118)

p=0.004
p=0.005

0.367 (0.117)

p= 0.003
p=0.003

ρ 24

-0.004 (0.179)

p=0.983
p=1.0

0.014 (0.126)

p=0.909
p=0.913

-0.063 (0.126)

p=0.623
p=0.619

-0.026 (0.126)

p=0.838
p=0.837

-0.110 (0.125)

p= 0.387
p=0.385

ρ 2413

-0.059 (0.158)

-0.043 (0.128)

-0.055 (0.147)

p=0.564
p=0.565
p=0.838
p=0.837
p=0.564
p=0.565

-0.125 (0.127)

θ4 213

p=0.471
p=0.473
p=0.623
p=0.619
p=0.471
p=0.473

-0.074 (0.126)

-0.003 (0.166)

p=0.739
p=0.739
p=0.909
p=0.913
p=0.739
p=0.739

-0.092 (0.127)

θ4 2

p=0.709
p=0.729
p=0.983
p=1.0
p=0.709
p=0.729

p=0.320
p=0.329
p= 0.387
p=0.385
p=0.320
p=0.329

aCoefficient
bDelta

0.013 (0.114)
-0.038 (0115)

-0.063 (0.126)
-0.092 (0.128)

-0.024 (0.115)
-0.067 (0.116)

-0.110 (0.125)
-0.127 (0.129)

(Coef) where for w: 1=marijuana intercept, 2= marijuana slope, 3 = cigarette intercept, 4=cigarette slope

method based standard error (SE) equivalent to inverse Hessian based SE

cp

value from Wald-type t test

dp

value from Likelihood Ratio Chi-square Test (LRT 2)

eApproximate

standard errors for testing that correlation is zero (Sokal & Rohlf,1995), e.g.

 

SE ˆ13 

2
1 ˆ13
N2

for regression coefficients from a general linear model (GLM).
fp

value based on 10,000 random permutations (Permut) of residuals from reduced models (Zeng et al. [4])

gp

value from general linear model (GLM) analysis assuming multivariate normality
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for testing 13=0 or restricted maximum likelihood standard errors

2b) Simulations Based on Marijuana and Cigarettes (Negative Binomials) Example
For true random slope values, 1000 datasets were simulated, such that values for the two
outcomes and the subject-specific u vector were generated by specifying parameters other than
ρ 24 to be the maximum likelihood estimates obtained for the example (reported in S-Table 4).

Simulations were based on a sample size of N=80 subjects, each with 100 observations. S-Figure
2 panels A-B shows box plots of the distributions of the 1000 estimates of ρ 24 from each method
for ρ 24  0.004 , the observed MLE from method 1 for the example (A) and a larger correlation
ρ 24  0.6 . For method 1 the correlation of latent u 2 and u 4 was estimated from a MGLMM and
 1)
labeled ρ (24
in S-Figure 2. For method 2, the four u’s were predicted by assuming conditional

independence in MGLMMs. Pearson correlation and Spearman rank correlation coefficients
 P2)
 S2 )
between u (22 ) and u (42 ) are labeled ρ(24
and ρ(24
respectively. For method 3, the u’s were
predicted by assuming complete independence with separate models for each outcome. Pearson
 P3)
correlation and Spearman rank correlation coefficients between u (23) and u (43) are labeled ρ(24
 S3)
and ρ(24
respectively. Finally, the u vectors available for each simulated dataset were used to
(u)
compute correlations between u2 and u4 as ρ̂24 

ˆ (u) 
Σ

(u)
ˆ 24
(u) (u)
ˆ 22
ˆ 24

using elements of

1
u  u  u  u  via Pearson (labeled ρ̂(24P u) ) and Spearman rank (labeled ρ̂(24Su ) )
N  80

methods.

Results continue to agree. For datasets simulated from ρ 24  0.004 (S-Figure 3A), distributions
of correlation coefficient estimates from the different methods are all centered at about 0, and
distributions for Pearson and Spearman correlation coefficients appear very similar for each
method. Variability of method 3 coefficients is most similar to the variability of the correlations
1)
P u)
Su )
of simulated u’s ( ρ̂(24
, ρ̂(24
). Variability for the MLE ρ̂ (24
based on the usual latent method 1 is

greater, and the distribution of method 2 coefficients shows the greatest variability. For S-Figure
3B, distributions for Pearson and Spearman correlation coefficients are similar and the
13

1)
P2)
S2 )
distribution for ρ̂ (24
remains unbiased, centered at ρ 24 = 0.6. Method 2 estimates ( ρ̂(24
, ρ̂(24
)

S3)
P 3)
are biased to be greater in magnitude than the true value, and method 3 estimates ( ρ̂(24
, ρ̂(24
)

are biased towards zero (i.e. to be smaller in magnitude than ρ 24 ).

S-Figure 3. Box and Whisker Plots Comparing Distributions of Correlation Coefficients Estimated
with Different Methods from Simulations for Two Values of 24 for Outcomes with Negative
Binomial Distributions

S-Table 6 shows the bias and precision for estimating different values of ρ 24 from 1000
simulated datasets using the three methods. To evaluate precision,



rMSE ρ̂24 , ρ24





1 1000

 ρ̂  ρ24
1000 z 1 24





1)

in column 5, and rMSE ρ̂24 , ρ̂(24



2

compares ρ̂ 24 with the true prescribed correlation ρ 24



1 1000
 ρ̂  ρ̂(1)
1000 z 1 24 24

1)
with the usual method 1 MLE ρ̂ (24
in column 6.
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2

compares ρ̂ 24 from methods 2 and 3

S-Table 6. Evaluation of Bias and Precision for Estimating Different Values of 24 with Three
Methods from Simulated Datasets Based on Outcomes with Negative Binomial Distributions
24
-0.004

0.60

a

Bias Median (IQRb)







Estimate ρ̂ 24

Mean (SDa)

ρ̂ (24Pu)

0.001 (0.112)

0.007 (-0.076 , 0.082)

0.112

1)
ρ̂ (24

0.002 (0.143)

0.004 (-0.096 , 0.105)

0.143

ρ̂ (24P 2)

0.004 (0.161)

0.006 (-0.112 , 0.119)

0.161

0.026

ρ̂ (24P3)

-0.003 (0.118)

-0.001 (-0.082 , 0.082)

0.118

0.043

ρ̂ (24P u)

0.599 (0.073)

0.004 (-0.050 , 0.053)

0.073

1)
ρ̂ (24

0.600 (0.089)

0.007 (-0.054 , 0.059)

0.089

ρ̂ (24P 2)

0.663 (0.094)

0.071 (0.005 , 0.126)

0.113

0.065

ρ̂ (24P3)

0.499 (0.087)

-0.097 (-0.155 , -0.041)

0.133

0.109

rMSE ρ̂ 24 , ρ 24

(1)

rMSE ρ̂ 24 , ρ̂ 24



SD = standard deviation

b

IQR = interquartile range endpoint

We observe the same biases with methods 2 and 3 that were seen in the paper; when ρ 24  0.6
the method 2 mean is larger ( ρ̂ (24P 2)  0.66 ) and from method 3 is smaller ( ρ̂ (24P3)  0.50 );

ρ̂ (241)  0.60 is unbiased. For the first rMSE column 5 comparing estimated to prescribed ρ24 ,
P2)
1)
is more accurate than the method 2 estimator ρ̂(24
for values of ρ24 we considered. When
ρ̂(24

( P 3)
P 3)
1)
but as magnitude of ρ24 increases, rMSE for ρ̂(24
ρ24 is small ρ̂ 24 is more accurate than ρ̂(24
1)
increases. Taken together, these results indicate that the method 1 MLE ρ̂(24
is the estimator of

1)
choice. The second rMSE column, comparing method 2 and method 3 estimates to ρ̂(24
values,

supports that plots of the EBPs from method 2 used to illustrate associations are likely to be
1)
fairly consistent with the MLE ρ̂ (24
and better than plots of EBPs from method 3. This was

illustrated previously in S-Figure 1 with the example based on outcomes with normal
distributions.
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3a). Additional Simulations Comparing 3 Methods
We conducted additional simulations to evaluate bias and accuracy based on the example
included in Section 5 the paper (negative binomial/Bernoulli outcomes), but decreasing the
covariance matrix to 0.3*D of that example and varying number of subjects and number of
observations per subject. For each condition of n subjects (n=40, n=80), m observations per
subject (m=50, m=100), and true values of the correlation between slopes ( ρ 24 = 0, ρ 24 =0.6),
1000 datasets were simulated, such that values for the two outcomes and the subject-specific u
vector were generated by specifying fixed effects parameters to be the maximum likelihood
estimates obtained for the example reported in Table 1 of Mikulich-Gilbertson et al. [3] and
covariance parameters other than ρ 24 to be the reported maximum likelihood estimates
multiplied by 0.3.

S-Figure 4 panels A-C shows box plots of the distributions of the estimates of ρ 24 from each
method for ρ 24  0 ; S-Figure 4 panels D-F shows box plots of the distributions of the estimates
of ρ 24 from each method for ρ 24  0.6 . For method 1 the correlation of latent u 2 and u 4 was
 1)
estimated from a MGLMM and labeled ρ (24
. For method 2, the four u’s were predicted by

assuming conditional independence in MGLMMs. Pearson correlation and Spearman rank
 P2)
 S2 )
correlation coefficients between u (22 ) and u (42 ) are labeled ρ(24
and ρ(24
respectively. For
method 3, the u’s were predicted by assuming complete independence. Pearson correlation and
 P3)
 S3)
Spearman rank correlation coefficients between u (23) and u (43) are labeled ρ(24
and ρ(24
respectively. Finally, the u vectors available for each simulated dataset were used to compute
correlations between u2 and u4 as

ˆ (u) 
Σ

ρ̂(24u )



(u)
ˆ 24
(u) (u)
ˆ 22
ˆ 24

using elements of

1
u  u  u  u  via Pearson ( ρ̂(24P u) ) and Spearman rank ( ρ̂(24Su ) ) methods.
N  80
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S-Figure 4. Box and Whisker Plots Comparing Distributions of Correlation Coefficients Estimated with Different Methods for
Simulations at Two Values of 24 Varying Number of Subjects and Number of Observations per Subject (Panels A through F) for
Outcomes with Negative Binomial and Bernoulli Distributions
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For datasets simulated from ρ 24  0 (S-Figure 4 A-C), distributions of correlation coefficient
estimates from the different methods are all centered at about 0, and distributions for Pearson and
Spearman correlation coefficients appear very similar. Variability of method 3 coefficients is
1)
most similar to the variability of the correlations of simulated u’s; variability for the MLE ρ̂ (24
is

greater, and the distribution of method 2 coefficients show the greatest variability. With fewer
subjects variability in the distributions is the greatest for all methods (S-Figure 4 B). With fewer
1)
observations per subject (S-Figure 4 C), only variability for ρ̂ (24
appears larger than the for the

distributions shown in S-Figure 4 A; reducing number of observations does not visibly change
the variability of distributions of method 2 and method 3 correlation coefficients.

For datasets simulated from ρ 24  0.6 (S-Figure 4 D-F), distributions for Pearson and Spearman
1)
correlation coefficients are similar and the distribution for ρ̂ (24
remains centered at about 0.6.

Note convergence issues for Methods 1 and 2 shown in S-Table 7 and discussed below. Method
P2)
S2 )
2 estimates ( ρ̂(24
, ρ̂(24
) are biased to be greater in magnitude than the true value, but bias

appears less when number of observations per subject is reduced (S-Figure 4 F). Method 3
S3)
P 3)
estimates ( ρ̂(24
, ρ̂(24
) are biased towards zero (i.e. to be smaller in magnitude than ρ 24 ) for all

conditions. Distributions for all 3 methods show similar variability when numbers of subjects
and observations are largest (S-Figure 4 D). With fewer subjects (S-Figure 4 E), variability in the
distributions is the greatest for all methods. With fewer observations per subject (S-Figure 4 F),
1)
only variability for the MLE ρ̂ (24
appears larger than that in S-Figure 4 A; reducing number of

observations does not visibly change the variability of distributions of method 2 and method 3
correlation coefficients.

S-Table 7 shows the bias and precision for estimating values of ρ 24 for each condition using the
three methods. The third column shows the number of analyses that converged of 1000 per
condition and values less than 900 are in red. To evaluate precision,
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rMSE ρ̂24 , ρ24 



1 1000
 ρ̂  ρ24
1000 z 1 24





1)

ρ 24 in column 5; rMSE ρ̂24 , ρ̂(24



2

compares each ρ̂ 24 with the true prescribed correlation



1 1000
 ρ̂  ρ̂(1)
1000 z 1 24 24



2

compares ρ̂ 24 from methods 2 and 3

1)
with the usual method 1 MLE ρ̂ (24
in column 6.

We observe similar results with the different methods as observed in prior examples. When
P2)
1)
1)
is unbiased. Method 2 estimates ( ρ̂(24
) are larger with worse precision than ρ̂(24
ρ 24  0 , ρ̂(24
P 3)
1)
and method 3 estimates ( ρ̂(24
) are unbiased with better precision than ρ̂(24
when ρ 24  0 .

When ρ 24  0.6 , methods 1 and 2 have convergence difficulties, especially with reduced number
of subjects (593/1000 converged) and reduced number of observations per subject (519/1000
P 3)
converged). Although convergence is much better with method 3, ρ̂(24
greatly underestimates
1)
is more
ρ 24  0.6 . For the first rMSE column 5 comparing estimated to prescribed ρ24 , ρ̂(24

P 3)
P2)
accurate than ρ̂(24
and ρ̂(24
. Taken together, these results still support that the method 1 MLE
1)
is the estimator of choice, although convergence can be an issue. The second rMSE column,
ρ̂(24

1)
comparing method 2 and method 3 estimates to ρ̂(24
values, supports that plots of the EBPs from

1)
method 2 used to illustrate associations are likely to be fairly consistent with the MLE ρ̂ (24
and

better than plots of EBPs from method 3, especially as the magnitude of the association
increases.
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S-Table 7. Evaluation of Bias and Precision for Estimating Different Values of 24 with Three
Methods from Simulated Datasets under Various Conditions
Estimate
Condition

Number
Converged

Mean (SDa)

Bias Median (IQRb)



rMSE ρ̂24 , ρ24





1)
rMSE ρ̂24 , ρ̂(24

ρ̂ (24Pu)

1000

0.003 (0.109) 0.001 (-.068, 0.079)

0.109

1)
ρ̂ (24

993

0.002 (0.230) 0.007 (-.151, 0.153)

0.230

ρ̂ (24P2)

993

0.011 (0.323) 0.019 (-.220, 0.225)

0.323

0.100

ρ̂ (24P3)

1000

0.008 (0.115) 0.009 (-.073, 0.084)

0.116

0.134

ρ̂ (24Pu)

1000

0.004 (0.153) 0.004 (-.103, 0.112)

0.153

1)
ρ̂ (24

904

0.003 (0.319) 0.013 (-.213, 0.215)

0.319

ρ̂ (24P2)

904

0.011 (0.410) 0.017 (-.290, 0.298)

0.410

0.108

ρ̂ (24P3)

959

0.006 (0.163) 0.004 (-.105, 0.120)

0.163

0.196

ρ̂ (24Pu)

1000

-.002 (0.113) -.003 (-.081, 0.074)

0.113

ρ 24  0

1)
ρ̂ (24

902

-.002 (0.312) -.007 (-.217, 0.207)

0.312

n = 80,
m = 50

ρ̂ (24P2)

902

0.007 (0.416) 0.003 (-.301, 0.315)

0.416

0.128

ρ̂ (24P3)

947

-.001 (0.117) -.002 (-.073, 0.075)

0.117

0.215

ρ̂ (24Pu)

1000

0.596 (0.072) -.003 (-.051, 0.048)

0.072

1)
ρ̂ (24

786

0.578 (0.170) -.001 (-.130, 0.098)

0.171

ρ̂ (24P2)

786

0.651 (0.179) 0.083 (-.048, 0.181)

0.186

0.087

ρ̂ (24P3)

995

0.245 (0.157) -.343 (-.459, -.243)

0.388

0.346

ρ̂ (24Pu)

1000

0.594 (0.102) 0.004 (-.067, 0.067)

0.102

1)
ρ̂ (24

592

0.555 (0.218) -.018 (-.177, 0.108)

0.222

ρ̂ (24P2)

592

0.619 (0.236) 0.060 (-.111, 0.195)

0.236

0.093

ρ̂ (24P3)

958

0.246 (0.216) -.328 (-.501, -.199)

0.415

0.348

ρ̂ (24Pu)

1000

0.599 (0.072) 0.601 (0.552, 0.650)

0.603

1)
ρ̂ (24

518

0.521 (0.220) 0.548 (0.384, 0.673)

0.565

ρ̂ (24P2)

518

0.609 (0.244) 0.650 (0.468, 0.797)

0.656

0.115

ρ̂ (24P3)

955

0.162 (0.180) 0.176 (0.051, 0.291)

0.242

0.379

ρ 24  0
n = 80,
m = 100

ρ 24  0
n = 40,
m = 100

ρ 24  0.6
n = 80,
m = 100

ρ 24  0.6
n = 40,
m = 100

ρ 24  0.6
n = 80,
m = 50

a

ρ̂ 24

SD = standard deviation

b

IQR = interquartile range endpoint
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3b) NLMIXED Code for Bivariate Analysis of Longitudinal Outcomes with 3 Methods:
Binary (Alcohol Use) and Count (Marijuana Use) Data
The SAS dataset for the medical example described in the paper can be downloaded at:
http://dx.doi.org/10.6084/m9.figshare.703163. To use the code below, save it as
“work.MarAlcUse”. The following code generates the values reported in Table 1 of the paper.

3.1.

Method 1: b w with b w' :

title 'Bivariate Analysis of Number of Marijuana Joints and Alcohol Usage:
Conditional Independence';
proc sort data= MarijAlcUse; by ID Day ; run;
proc nlmixed data= MarijAlcUse cov;
* Cov option is necessary to output Covariance matrix of parameter estimates;
parms Beta1= -0.21 Beta2= -0.95 tenk=8.66 Beta3= -2.86 Beta4= -0.19
D11= 3.12
D12= -.76
D22= 4.43
D13= 1.15
D23= -.27
D33= 4.84
D14= -.09
D24= 1.02
D34= -3.18
D44= 4.64;
k = tenk/10;
* k has been scaled to make all parameters the same order of magnitude;
* Correlation Coefficient between log Marijuana Joints at time t=28 days and
logit Alcohol Usage at time tprime=21 days;
T=28/100; Tprime=21/100;
Rho2821=(D13+T*D23+Tprime*D14+T*Tprime*D24)
/(sqrt((D11+2*T*D12+T**2*D22)*(D33+2*Tprime*D34+Tprime**2*D44)));
* Recursive Residual Variances (divided by N-1),Partial Correlation
Coefficients, and Partial Regression Coefficients;
R12=D12/sqrt(D11*D22);
R13=D13/sqrt(D11*D33); R23=D23/sqrt(D22*D33);
R14=D14/sqrt(D11*D44); R24=D24/sqrt(D22*D44); R34=D34/sqrt(D33*D44);
B2on4=R24*sqrt(D22/D44);
B4on2=R24*sqrt(D44/D22);
* Adjustment for for B3 (dot3);
D11dot3=D11*(1-R13**2); D22dot3=D22*(1-R23**2); D44dot3=D44*(1-R34**2);
R12dot3=(R12-R13*R23)/sqrt((1-R13**2)*(1-R23**2));
R14dot3=(R14-R13*R34)/sqrt((1-R13**2)*(1-R34**2));
R24dot3=(R24-R23*R34)/sqrt((1-R23**2)*(1-R34**2));
B2on4dot3=R24dot3*sqrt(D22dot3/D44dot3);
* Adjustment for for B1 and B3 (dot13;
D22dot13=D22dot3*(1-R12dot3**2); D44dot13=D44dot3*(1-R14dot3**2);
R24dot13=(R24dot3-R12dot3*R14dot3)/sqrt((1-R12dot3**2)*(1-R14dot3**2));
B2on4dot13=R24dot13*sqrt(D22dot13/D44dot13);
B4on2dot13=R24dot13*sqrt(D44dot13/D22dot13);
if Outcome=1 then do;

* Outcome=1 denotes marijuana;
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eta1=B1+B2*Day/100;
* linear predictor for marijuana;
m=exp(eta1);
* natural log link;
p=.;
* p is undefined for outcome=1;
Expectation=m;
* Conditional Expectation of Y;
Loglike=lgamma(Y+(1/k))-lgamma(Y+1)-lgamma(1/k)+Y*log(k*m)
-(Y+(1/k))*log(1+k*m);
* Negative Binomial log likelihood;
end;
if Outcome=2 then do;
* Outcome=2 denotes alcohol;
eta2=B3+B4*Day/100;
* linear predictor for alcohol;
p=exp(eta2)/(1+exp(eta2)); * logit link.; * m is undefined;
m=.;
* m is undefined for outcome=2;
Expectation=p;
* Conditional Expectation of Y;
Loglike=Y*log(p)+(1-Y)*log(1-p);
* Binomial log likelihood;
end;
model Y~general(Loglike);
random B1 B2 B3 B4 ~
NORMAL([Beta1,Beta2,Beta3,Beta4],[D11,D12,D22,D13,D23,D33,D14,D24,D34,D44])
subject=ID out=PredictedB ; *Output Predicted B's;
Estimate 'correlation Marijuana and Alcohol slopes' R13;
Estimate 'correlation Marijuana and Alcohol slopes' R24;
Estimate 'correlation Marijuana and Alcohol slopes adjusting for Alcohol
intercept'
R24dot3;
Estimate 'correlation Marijuana and Alcohol slopes adjusting for both
intercepts'
R24dot13;
Estimate 'regression of Alcohol slope on Marijuana slope' B4on2;
Estimate 'regression Alcohol slope on Marijuana slope adjusting for both
intercepts'
B4on2dot13;
run;

Estimates correspond to those reported in Table 1 column 2. P values for tests from this code
correspond to the Wald-type t-tests in the third column: p >|t|. Mikulich-Gilbertson et al. [3]
provides supplementary code to generate the recommended likelihood ratio tests based on
reparametrizing the model.

3.2.

( 2)
( 2)
Method 2: b w with b w'

/* 2nd STAGE ANALYSES*/
/* Transpose Predicted B's into a Multivariate Format*/
proc sort data=PredictedB; by ID;
proc transpose data=PredictedB out=BayesEstimates; by ID; ID Effect;
data JointBayesEstimates; set BayesEstimates;
if (_NAME_ ^= 'Estimate') then delete; keep ID B1-B4; run;
/*2nd Stage Correlations*/

22

proc corr data=JointBayesEstimates Pearson Spearman;
var B1 B2 B3 B4;run;
proc corr data=JointBayesEstimates Pearson Spearman;
var B2 B4;
partial B1 B3;run;
/*2nd Stage Regressions on unranked data using SAS GLM;*/
*alc slope on mj slope;
proc glm data=JointBayesEstimates;
model B4=B2/solution;run;
*alc slope on mj slope adjusted for intercepts;
proc glm data=JointBayesEstimates;
model B4=B1 B3 B2/solution;
run;
/*2nd Stage Regressions on ranked data using SAS GLM;*/
proc rank data=JointBayesEstimates out= JointBayesRanks;
var B1 B2 B3 B4;
ranks RankB1 RankB2 RankB3 RankB4;run;
*alc slope on mj slope;
proc glm data=JointBayesRanks ;
model RankB4=RankB2/solution;run;
*alc slope on mj slope adjusted for intercepts;
proc glm data=JointBayesRanks ;
model RankB4=RankB1 RankB3 RankB2/solution;run;

Estimates from this code correspond to those reported in Table 1 column 4 for unranked data and
column 6 for ranked data. P values for tests from this code correspond to the p values from
general linear model (GLM) analyses assuming multivariate normality (pGLM ) in columns 5 and
7. Zeng et al. [4] has supplementary code to generate tests based on random permutations of
residuals from reduced models.

3.3.

( 3)
( 3)
Method 3: b w with b w'

Empirical Bayes predictors can be generated either from a bivariate model assuming complete
independence of outcomes or from separate models for each outcome.
title 'Number of Marijuana Joints: Complete Independence';
proc sort data= MarijAlcUse; by ID Day ; run;
proc nlmixed data= MarijAlcUse cov;
where outcome = 1;
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parms

Beta1= -0.21 Beta2= -0.95 tenk=8.66
D11= 3.12
D12= -.76
D22= 4.43;
k = tenk/10; * k scaled so all parameters the same order of magnitude;
if Outcome=1 then do;
* Outcome=1 denotes marijuana;
eta1=B1+B2*Day/100;
* linear predictor for marijuana;
m=exp(eta1);
* natural log link;
Expectation=m;
* Conditional Expectation of Y;
Loglike=lgamma(Y+(1/k))-lgamma(Y+1)-lgamma(1/k)+Y*log(k*m)
-(Y+(1/k))*log(1+k*m);
* Negative Binomial log likelihood;
end;
model Y~general(Loglike);
random B1 B2 ~ NORMAL([Beta1,Beta2],[D11,D12,D22])
subject=ID out=UnivMJPredictedB ; * Output Predicted B's;
run;
title 'Univariate Analysis of Alcohol Use: Complete Independence';
proc sort data= MarijAlcUse; by ID Day ; run;
proc nlmixed data= MarijAlcUse cov;
where outcome=2;
parms Beta3= -2.86 Beta4= -0.19
D33= 4.84
D34= -3.18
D44= 4.64;
if Outcome=2 then do;
* Outcome=2 denotes alcohol;
eta2=B3+B4*Day/100;
* linear predictor for alcohol;
p=exp(eta2)/(1+exp(eta2));
* logit link.;
Expectation=p;
* Conditional Expectation of Y;
Loglike=Y*log(p)+(1-Y)*log(1-p);
* Binomial log likelihood;
end;
model Y~general(Loglike);
random B3 B4 ~ NORMAL([Beta3,Beta4],[D33,D34,D44])
subject=ID out=UnivAlcPredictedB ; * Output Predicted B's;
run;
Data predictedB; set univmjpredictedB univalcpredictedB;run;
/* 2nd STAGE ANALYSES*/
/* Transpose Predicted B's into a Multivariate Format*/
proc sort data=PredictedB; by ID Effect;
proc transpose data=PredictedB out=BayesEstimates; by ID; ID Effect;
data UnivBayesEstimates; set BayesEstimates;
if (_NAME_ ^= 'Estimate') then delete; keep ID B1-B4;
/*2nd Stage Correlations*/
proc corr data=UnivBayesEstimates Pearson Spearman;
var B1 B2 B3 B4;run;

run;

proc corr data=UnivBayesEstimates Pearson Spearman;
var B2 B4;
partial B1 B3;run;
/*2nd Stage Regressions on unranked data using SAS GLM;*/
*alc slope on mj slope;
proc glm data=UnivBayesEstimates;
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model B4=B2/solution;run;
*alc slope on mj slope adjusted for intercepts;
proc glm data=UnivBayesEstimates;
model B4=B1 B3 B2/solution;
run;
/*2nd Stage Regressions on ranked data using SAS GLM;*/
proc rank data=UnivBayesEstimates out= UnivBayesRanks;
var B1 B2 B3 B4;
ranks RankB1 RankB2 RankB3 RankB4;run;
*alc slope on mj slope;
proc glm data=UnivBayesRanks ;
model RankB4=RankB2/solution;run;
*alc slope on mj slope adjusted for intercepts;
proc glm data=UnivBayesRanks ;
model RankB4=RankB1 RankB3 RankB2/solution;run;

Estimates from this code correspond to those reported in Table 1 column 8 for unranked data and
column 10 for ranked data. P values for tests from this code correspond to the p values from
general linear model GLM analyses assuming multivariate normality (pGLM ) in columns 9 and
11.
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