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INTRODUCTION
• Bayesian copula models provide a flexible, interpretable

framework to jointly model multivariate benefit and
risk outcomes; models for marginal outcomes and
dependency between outcomes are specified separately

• Simulation studies are used to explore the calibration
of posterior parameter estimates as a function of
continuous/discrete outcome type, correlation between
outcomes, prior specification, and sample size

MODEL
The normal copula model is

CNormρ (u1, u2) = Φ2(Φ−1(u1),Φ−1(u2)|ρ)

For efficacy outcome YE and safety outcome YS with distri-
bution functions FE and FS the joint bivariate distribution
function is

H(ye, ys) = CNormρ (FE(ye; ηe), FS(ys; ηs)|ρ)

• Identity or probit link GLMs with a binary treatment indi-
cator used for marginal models of YE and YS

• The dependency parameter ρwas allowed to vary by treat-
ment group

• Values for each parameter were drawn from either a
location-scale Beta distribution (proportions and corre-
lations) or a Normal distribution (means) based on the
scenario and used to generate data

• A normal copula model with flat, weakly informative, or
boundary-avoiding priors was fit for each scenario us-
ing RStan to get 5000 posterior samples

• Mean posterior parameter values were compared to the
true drawn parameters

SIMULATION SCENARIOS

1) Binary YE and YS

• Placebo group:

– Pr(YE = 1) = pe,pbo = 0.2

– Pr(YS = 1) = ps,pbo = 0.1

– (tetrachoric) correlation ρpbo = 0.1

• Treatment group:

– Pr(YE = 1) = pe,trt = 0.2 , 0.5 or 0.8

– Pr(YS = 1) = ps,trt = 0.1 , 0.4 or 0.7

– (tetrachoric) correlation ρtrt =
0.1, 0.35 or 0.6

2) Continuous YE , binary YS

• Placebo group:

– E[YE ] = µpbo = −150

– Pr(YS = 1) = ps,pbo = 0.1

– (polyserial) correlation ρpbo = 0.1

• Treatment group:

– E[YE ] = µtrt = −150 ,−50 or 0

– Pr(YS = 1) = ps,trt = 0.1 , 0.4 or 0.7

– (polyserial) correlation ρtrt =
0.1, 0.35 or 0.6

3) Continuous YE and YS

• Placebo group:

– E[YE ] = µe,pbo = −150

– E[YS ] = µs,pbo = −150

– Pearson correlation ρpbo = 0.1

• Treatment group:

– E[YE ] = µe,trt = −150 ,−50 or 0

– E[YS ] = µs,trt = −150 ,−50 or 0

– Pearson correlation ρtrt = 0.1, 0.35
or 0.6

For all scenarios n per arm= 50, 100 or 200. Fifty replicates were used for each parameter/sample size/model prior combination

RESULTS
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Figure 1: Scenario 1 with flat priors and n =
50 per arm
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Figure 2: Scenario 2 with weakly informative
priors and n = 200 per arm
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Figure 3: Scenario 3 with boundary-avoiding
priors and n = 100 per arm

CONCLUSIONS
• Average posterior mean differences (e.g. µe,trt − µe,pbo)

and risk differences (e.g. ps,trt − ps,pbo) for all marginal
model parameters were reasonably well-calibrated un-
der all simulation scenarios and 243 combinations of pa-
rameters, sample size, and model priors despite miscal-
ibration of the posterior dependency parameters

• The mixed continuous/discrete simulation setting was the
most difficult model to estimate using MCMC as mea-
sured by the average number of divergences per simu-
lation (scenario 1: 33 divergences, scenario 2: 834 diver-
gences, scenario 3: 0 divergences)

• All posterior parameters (marginal and copula depen-
dence) were well-calibrated for scenario 3 which is
equivalent to a multivariate probit regression allowing
the covariance between outcomes to differ by treatment

• Differences in prior specification were most evident for de-
pendency parameters in scenario 1 (binary YE and YS)

• Increasing sample size had the greatest effect on calibra-
tion of the treatment group dependency parameter for
the discrete/discrete simulation setting
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All R code and Stan functions for simulations are available at:
https://github.com/ntjames/asa_biopharm_2019


