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SUMMARY

For major genes known to influence the risk of cancer, an important task is to determine the risks
conferred by individual variants, so that one can appropriately counsel carriers of these mutations. This is a
challenging task, since new mutations are continually being identified, and there is typically relatively little
empirical evidence available about each individual mutation. Hierarchical modeling offers a natural strategy
to leverage the collective evidence from these rare variants with sparse data. This can be accomplished
when there are available higher-level covariates that characterize the variants in terms of attributes that
could distinguish their association with disease. In this article, we explore the use of hierarchical modeling
for this purpose using data from a large population-based study of the risks of melanoma conferred by
variants in the CDKN2A gene. We employ both a pseudo-likelihood approach and a Bayesian approach
using Gibbs sampling. The results indicate that relative risk estimates tend to be primarily influenced by
the individual case—control frequencies when several cases and/or controls are observed with the variant
under study, but that relative risk estimates for variants with very sparse data are more influenced by the
higher-level covariate values, as one would expect. The analysis offers encouragement that we can draw
strength from the aggregating power of hierarchical models to provide guidance to medical geneticists
when they offer counseling to patients with rare or even hitherto unobserved variants. However, further
research is needed to validate the application of asymptotic methods to such sparse data. Copyright ©
2008 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Recent technological progress has led to rapid identification and sequencing of large numbers of
genetic variants. Studying the associations between these variants and a particular disease is of great
importance to epidemiologists in their quest to decipher the disease etiology. The challenge lies in
determining the genetic variants that are most likely to contribute to the occurrence of the disease,
thereby allowing genetic counselors to provide informed choices for interventions to reduce the
risk of the disease. Hierarchical modeling is a technique that has been shown to provide more
accurate and stable estimates of individual variants, by incorporating external information through
the higher levels of the multilevel model, and its use in this context is becoming increasingly
popular (see, e.g. [1-4], among others). However, these previous applications have been directed
at studies of single nucleotide polymorphic variants (SNPs), for the most part chosen to have high
minor allele frequency. Indeed previous investigators have often excluded those SNPs that occurred
relatively infrequently in their studies. In this article, we focus our attention on the application
of hierarchical modeling to a setting where the data are inevitably sparse, a setting we believe to
be the one in which this technique has the potential for providing the greatest insights for cancer
epidemiologists.

Our investigation involves the examination of a gene known to be a risk factor for cancer. We
study the impact of the tumor suppressor gene CDKNZ2A on the incidence of melanoma. However,
the methodology would be applicable to similar studies of the many genes now known to be
implicated in cancer incidence, including BRCA1 and BRCA2 for breast and ovarian cancers,
the APC gene for colorectal cancer, genes that greatly elevate the risks of many cancers such
as RB and TP53, and others. In this setting there is no doubt that the gene plays an important
role. However, many different types of variants are observed to occur, including single nucleotide
changes at specific loci, insertions, deletions, and changes both inside and outside of the coding
exons, and all of these variants are typically rare. It is of great importance to know which of these
individual variants confer risk and which ones are harmless. Our challenge is to be able to utilize
the individually sparse empirical evidence we have from the case—control frequencies for each
of these variants, combined with the aggregating power conferred by features that are shared by
groups of variants, in order to provide reliable evidence about the risk status of each variant or
indeed of future variants in the gene which have not heretofore been observed.

The first level of our proposed hierarchical model contains the parameters of fundamental interest,
namely the relative risks conferred by the individual genetic variants, and patient-level confounding
factors. The higher level links these parameters by a model that draws strength from the fact that
the parameters (i.e. the relative risks of the individual variants) may share important characteristics.
The maximum likelihood least-squares approach (which performs maximum likelihood at the first
stage followed by weighted-least-squares regression at the second stage) and the joint iteratively
reweighted-least-squares approach (which uses iterative reweighted least squares at both stages) are
computationally the simplest estimation methods for hierarchical models. These methods require
initial estimates for all of the first-stage model parameters. When the data are sparse, one must
use techniques that do not have this requirement, such as the pseudo-likelihood approach [5, 6] or
Markov chain Monte Carlo methods such as Gibbs sampling [7].

The pseudo-likelihood approach of Wolfinger and O’Connell [5] uses Taylor expansions to
approximate a generalized linear mixed model (GLMM) with a linear mixed pseudo-model, and
the parameters can be estimated using restricted maximum likelihood estimation. The penal-
ized quasi-likelihood (PQL) approach of Breslow and Clayton [6] is a special case of the
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pseudo-likelihood technique and involves approximations based on Laplace’s method. These tech-
niques allow one to model a large number of random effects and complex covariance structures.
Pseudo-likelihood methods have been previously used to study the interaction between diet and
the NAT2 gene [2], and to model the risk of breast cancer as a function of different dietary
items [8]. Greenland [9] provides a review of the weighted-least-squares and PQL approaches
and concludes that these methods yield very similar results for large samples. However, the PQL
method has small sample performance superior to the basic maximum likelihood least-squares
approach.

Thomas et al. [10] used Gibbs sampling to examine associations between large numbers of
candidate human leukocyte antigen genes and insulin-dependent diabetes mellitus. Conti et al.
[11] employed Bayesian model averaging via the Gibbs sampler to make inferences about the
effects of various metabolic genes and their interaction with two exposure variables on the risk
of colorectal polyps. However, one limitation of both these approaches is the assumption that the
log-relative risk parameters are identically distributed (or exchangeable), which can be unrealistic
in many applications [12], such as those in which some genotypes or variants are expected to have
much larger relative risks than others.

To the best of our knowledge, none of these techniques have been applied to estimate individual
relative risks for a large number of rare genetic variants under more general assumptions. In
this article, we show how pseudo-likelihood and Gibbs sampling methods can be employed in
hierarchical modeling regression to address this issue by borrowing strength from covariates
introduced in the second- or higher-level models. As an application, we used these models to
analyze the data from the Genes Environment and Melanoma (GEM) study, described in Section 2.
Section 3 describes our methods. In Section 4 we apply the methods to the GEM data, and we
conclude with a discussion in Section 6.

2. GEM STUDY

The GEM data were collected through an international multi-center population-based case—control
study of melanoma (the GEM study). The study subjects were individuals diagnosed either with
a single first invasive primary melanoma (SPM), who served as the ‘control’ group, or with a
second or higher invasive or in situ primary melanoma (multiple primary melanoma, MPM) who
served as the ‘case’ group. Details of the rationale for the study design, recruitment of patients, and
participation rates of the subjects are provided in Begg ef al. [13]. CDKN2A has been identified
as a major melanoma susceptibility gene based on the presence of germline mutations in high-
risk melanoma families. In the GEM study, after losses due to non-participation and unsuccessful
amplification of the DNA, a total of 1189 individuals with MPM and 2424 with SPM were available
for screening of CDKN2A mutations. Sequencing identified 43 different nucleotide changes in
either the coding region (exons) or the surrounding genetic regions.

In our analyses we characterized the variants on the basis of three higher-level covariates because
these are characteristics that are plausibly associated with risk of melanoma at the outset and
because they are observed to be associated with risk in the data. The first of these, which we denote
by the term ‘functional’, distinguishes rare variants that can be expected to alter directly the protein
product. Thus, a variant is defined as functional if it occurs in one of the coding exons and is
either a missense single nucleotide substitution or an insertion or a deletion. A variant is defined as
‘non-functional’ if it is a (silent) synonymous single nucleotide substitution or if it occurs outside
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the coding exons. Note that there are three common polymorphic variants. These were presumed
at the outset to be unlikely to be related strongly with risk and are included as (lower-level) fixed-
effects covariates in our analyses. These common variants are, in effect, potential confounders as
they may or may not co-occur with any given rare variant. Including them as fixed effects allows
us to estimate their effects directly without allowing them to dominate the random effects analysis
of the rare variants.

The second higher-level covariate included in the analysis is a binary variable which indicates
for each variant whether or not the variant has been observed in families with three or more
melanoma patients based on data reported by the International Melanoma Genetics Consortium
(GenoMEL) [14]. The GenoMEL registry comprises major familial melanoma research groups
from North America, Europe, and Australia. Of the 43 variants observed in the GEM study,
11 have been observed in families with three or more melanoma patients in GenoMEL. We
note that this covariate is ‘dynamic’, in that the status of a variant may change in the future as
new melanoma families are reported worldwide. The final covariate is a bioinformatic predictor
known as Polyphen (Polymorphism Phenotyping), a tool that uses protein structure, sequence, and
phylogenetic information to predict the impact on the 3-D structure and the consequences of amino
acid changes on protein function [15-17]. A Polyphen score is available only for missense variants,
and Polyphen scores were also unavailable for a few missense variants located in positions with no
homology with the family blocks. Another bioinformatic measure available is Sort Intolerant From
Tolerant (SIFT) [18, 19], but we have excluded this measure since it demonstrated no association
with case/control status in our data. Further details on how these scores were obtained can be
found in Orlow et al. [20]. We note that SIFT and Polyphen are also dynamic in that they depend
on available knowledge from bioinformatic resources that are being updated constantly.

Of the 43 mutations, 31 were defined as functional. Functional variants were observed in 28
controls and 27 cases, and non-functional rare variants were observed in 38 controls and 21 cases.
Frequency data for the individual (rare) variants are provided in Table I, along with the higher-
level covariates. Most variants occurred in just one or a few study participants. It is this feature
of the data which prevents us from using conventional maximum likelihood methods to estimate
the individual effects of these variants on the risk of developing melanoma and which offers the
promise of considerable efficiency gains from the use of hierarchical modeling.

3. OVERVIEW OF HIERARCHICAL MODELS

The hierarchical model that we adopt involves the use of a logistic regression model in the first
stage and of a linear model in the second stage. The first stage model can be expressed as

logit P(Y|X, W)= X+ Wy (1)

where in our context the N x 1 vector Y represents the vector of indicators of case versus control
status for each of the N patients in the study. X represents the N x n design matrix that indicates
which of the n variants are possessed by each patient, and W represents the N xm matrix of
information about the patient factors known to affect the risk of melanoma (i.e. confounders).
Thus, the n x 1 vector f contains the random effects of interest which distinguish the risks of
the n variants, and the m x 1 vector y contains the relative risks of the confounders. These could
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Table I. Position, functional characteristics, and prevalence of the variants identified in GEM.

CDKN2A nucleotide Controls* Cases™

changes (SPMT) (MPMi) Functional GenoMEL!? Polyphenl][
5'UTR

(=) 70 G/A 0 1 No 0 —
(-) 34 G>T 2 7 No 1 —
(=) 33 G>C 9 6 No 0 —
(=) 25 C>T 2 0 No 0 —
(=) 14 C>T 2 1 No 0 —
Exon 1o

¢.8 9ins 6 0 Yes 0 —
c.8_33del 0 2 Yes 0 —
c47 T>G 0 2 Yes 1 2.02
c.67 G>A 0 1 Yes 0 1.82
c.67 G>C 1 0 Yes 1 2.27
c.71 G>C 2 0 Yes 1 1.72
¢.87_89delG 2 0 Yes 1 —
c.95 T>C 0 2 Yes 1 2.32
c.123 G>A 4 1 No 0 —
¢.131_132insA 0 1 Yes 0 —
c.132 C>A 0 1 Yes 0 —
c.136 C>A 1 0 No 0 —
c.146 T>C 1 1 Yes 0 1.75
c.146 T>G 0 1 Yes 1 1.98
c.149 A>C 1 1 Yes 0 2.47
Intron 1

¢.50+21 G/A 1 0 No 0 —
¢.50+37 G/C 15 6 No 0 —
c.50+54 G/A 0 No 0 —
c.51-5 G>A 0 No 0 —
Exon 2

c.159 G>A 1 2 Yes 1 2.52
c.159 G>C 1 1 Yes 1 2.52
c.170 C>T 0 2 Yes 0 0.28
c.173 G>A 1 0 Yes 0 0.06
c.174 A>C 1 0 Yes 0 —
c.179 C>T 1 0 Yes 0 0.54
c.247 C>T 0 1 Yes 0 2.67
c.249 C>A 1 0 Yes 0 3.12
¢.295 C>T 0 1 Yes 0 2.05
¢.301 G>T 1 5 Yes 1 2.29
c.304 G>A 0 1 Yes 0 1.89
¢.306 G>A 1 0 Yes 0 —
c.318 G>A 2 1 Yes 0 —
c.322 G>A 2 0 Yes 1 0.96
c.334 C>G 0 2 Yes 1 1.99
¢.370 C>T 1 0 Yes 0 0.17
¢.373 G>C 3 0 Yes 0 1.99
c.384 G>A 1 0 No 0 —
c427 G>A 1 0 Yes 0 0.04
c.442 G>Al 164 72 No — 1.41
Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:1973-1992
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Table 1. Continued.

CDKN2A nucleotide Controls* Cases*

changes (SPM7L ) (MPM3t ) Functional GenoMEL!? Polyphen‘][
3'UTR

%29 CCl 1769 (73%) 876 (74%) No — —
%29 CGl 628 (26%) 294 (25%) No — —
%29 GGl 26 (1.07%) 20 (1.68%) No — —
x69 CCl 1957 (81%) 950 (80%) No — —
%69 CTI 425 (18%) 212 (18%) No — —
#69 TTI 29 (1.20%) 22 (1.86%) No — —

*Interested reader should note that the frequencies presented here are cumulative over all patients and thus are
different from those in Orlow et al. [20] where mutually disjoint combinations are reported.

TSingle primary melanoma: n=2424.

iMultiple primary melanoma: n=1189.

$Variants denoted ‘1’ have been observed in at least one family with three or more melanomas in the GenoMEL
registry of melanoma families.

IThe Polyphen score is not available for all variants (see text for explanation).

IThe common polymorphic variants at 442 G>A and in the 3’UTR are included as confounders in our analysis.

include age, sex, geographical site, and various phenotypic factors such as mole count, hair color,
and others. These data are not displayed in Table I, as they are patient specific rather than variant
specific, and readers are referred to Berwick et al. [21] for further details.

The second-stage model relates the individual risks of the variants to additional, hierarchical
information about the genetic variants captured in an n X p matrix Z, where

B=Zn+0 2
with
5~N(0,7°1,)

In this model, 7 is a p x 1 column vector of the second-stage parameters, J is a vector of residual
effects characterizing the imprecision of the log-relative risk parameters in f§ as a function of the
second-stage model covariates, assumed (for convenience) to be statistically independent, and I,
is the n x n identity matrix. The information in Z that we use for the GEM study is displayed in
the last three columns of Table I.

Note that we can combine the first- and second-level models into a mixed-effects logistic model
by substituting (2) into (1)

logitP(Y|X,W)=X(Zn+6)+ Wy

=XZrn+Xo+Wy 3)
=Ua+X0 “)
where U=(XZ, W) and o = (n", yT).
Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:1973-1992
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3.1. Pseudo-likelihood method
Consider a GLMM represented as follows:

Y =u+e suchthat g(u)=Ua+Xd=n

cov(d) =G 3)
E(elu) =0, cov(el,u):R}tﬂRR,l/2
where « is a vector of fixed effects, J is a vector of random effects normally distributed with mean
0 and variance matrix G, and g(-) is a differentiable monotonic link function with inverse g~! (in
our case, the logit link). Here e is a vector of unobserved residuals, R, is a diagonal matrix that
contains the variance functions of the model evaluated at u, and R is unknown.

The model parameters of GLMMs can be estimated using a linearization technique that employs
Taylor expansions to approximate the model with a model based on pseudo-data with fewer
nonlinear components. One such approach is pseudo-likelihood estimation, which uses an expansion
around the common estimate of the best linear unbiased predictors (BLUPs) of the random effects.
The linearization method first constructs a pseudo-model and pseudo-data. Following Wolfinger
and O’Connell [5], if & and 5 are known estimates of o and 0, a first-order Taylor series of p about

4 and & yields

e =g ')+ AU (—8)+AX (5—3)

A1
A:<08 (’7))
o Jss

1

where

is a diagonal matrix of first-order derivatives of g~ evaluated at #. This can be expressed as

AN (u—g ' M)+ UG+ XS=Ua+ X6 (6)
If we denote
ATy —g ' @) +Ua+Xo=P
then note that
E(Plo,8)=A""(u—g ' () +Ub+X5
which is exactly the left-hand side of (6), and that
cov(P|a, 5)=A_1R2/2RR,]/2A_1

One can thus approximate the initial GLMM by the linear mixed model, P =U o+ X0+ ¢, based on
current values of the parameter estimates. This normal linear mixed model with pseudo-response
P, mean 7, and cov(e|a, d) =cov(P|ua, §) can be estimated using either maximum likelihood or
restricted maximum likelihood, based on whether the method is called either maximum pseudo-
likelihood or restricted pseudo-likelihood, respectively. To initiate the process of computing the
pseudo-response, one determines starting values for the covariance parameters, which are computed
as minimum variance quadratic unbiased estimates (with 0 priors, MIVQUEQ, [22]). The next step
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is then to obtain estimates for the fixed and random effects using the standard formulas in the
GLIMMIX documentation (see [23]).

Fitting the resulting linear mixed model is itself an iterative process, which upon convergence
leads to new parameter estimates that are then used to update the linearization. The predictors
5 are the estimated BLUPs in the approximated linear mixed model. For more details on this
algorithm and additional formulas, the interested reader is referred to Wolfinger and O’Connell
[5] and Schabenberger [23]. Employing this algorithm to the GLMM in (3), one obtains estimates
, 3, 7, and their corresponding covariance matrices. From (2), the coefficients for the individual
variants can be estimated as

B=Zr+5
The covariance matrix estimate for ﬁ follows immediately [8]:
cov = Z cov(R)Z +cov(d) + Z cov(®, 8) +cov(d, #)Z )

The standard errors of ,B can then be obtained as the square roots of the diagonal elements of
cov(fi), which then can be used to compute 95 per cent confidence intervals.

This technique also produces the estimate G [5]. Since the random coefficients 6 are assumed
to have a common variance, G is restricted to rzln, and thus the procedure reduces this task to
the estimation of a single parameter 7°.

Instead of estimating 7> empirically, one can also use a semi-Bayes (SB) approach that pre-
specifies 72 based on one’s expectation that 95 per cent of the true odds ratios would fall within an
interval width exp(2- 1.96x/r—2). Greenland [24] compares the performance of the empirical Bayes
(EB) approach with that of the SB approach and concludes that both lead to similar results for
large studies when SB correctly specifies 72, but the SB approach is sensitive to misspecification
of the variance. However, for small studies, the SB estimation can be superior to EB and also
appears robust to variance misspecification. Nevertheless, if the SB approach is adopted, one needs
to perform sensitivity analyses to check how the results vary with different pre-specified 72 values.
For more discussion and details on the estimation of 72, see Greenland [9,24] and SAS Institute
Inc. [25].

3.2. Bayesian analysis using the Gibbs sampling

In what follows, we present the joint posterior distribution of the unknown parameters arising
for a GLMM for canonical one-parameter exponential families [26,27]. Assume that conditional
on a random effect 9, the responses y; are independent and follow an exponential family with
conditional mean related to the linear predictor through g(u) =Ua+ Xd=n, with 6~N(0, G).
A Bayesian model is completed by the specification of prior distributions for « and G. If we
assume the prior for o follows a N(0, S) distribution independent of G, then the joint posterior
distribution is
N v.0: —b(0:
p(a,9,G|Y, X, U)aexp{—%chS_loH—Z w
i=1

where p(G) is the prior distribution for G, 0; =p; is the canonical parameter, and ¢ is the dispersion
parameter assumed to be known (for the logistic case, b(0) =log(1+exp(6)) and ¢=1).

}|G|—‘exp{—%5TG“5}p(6) (8)
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In the case of GLMMs such as the one in (5), the Gibbs sampling generates random draws
from the joint posterior distribution of the unknown parameters, conditional on the observed data,
namely from [«, , G|Y, X, U], based on the following full conditioned distributions:

[a|57 G’ Y’ X1 U]? [5|a5 G? Y? X’ U] and [G|a757 Y’ X’ U] (9)

Note that when the prior on the variance components is inverse-Gamma or inverse-Wishart
(which are ‘conditionally conjugate’ for this model), then the last full conditional distribution in (9)
has a standard form. The first full conditionals do not have a closed form and cannot be sampled
directly. However, when G is a diagonal matrix (as it is our case: G = 721, (see Section 3.1)), it has
been shown that the full conditional distributions of the fixed and random effects are log-concave,
and thus one can use the adaptive rejection sampling of Gilks [28] to sample from these quantities
(this is the default sampling method for log-concave distributions in WinBUGS).

For our application we used an inverse-Gamma prior distribution for the variance 72, which
leads to a closed form of its full conditional distribution, from which we can simulate directly.

Details on the use of Gibbs sampler and on the full conditional distributions in the case of
GLMMs can be found in Zeger and Karim [26], Gamerman [29], and Natarajan and Kass [27].
WinBUGS [30] software was used to generate the samples and derive inferences on the parameters
of interest and the WinBUGS code is supplied in Appendix A.

4. APPLICATION

We fit hierarchical models to the GEM data using both methods. The first-stage model contained
43 indicators of silent or functionally relevant mutations and the potential confounder variables
age, sex, and age-by-sex, interaction, along with three common polymorphisms: 442 G> A, nt 500
(GG versus GC or CC) and nt 540 (TT versus TC or TT). We adjust for age and sex because both
these factors are known from cancer incidence registries to be strongly associated with melanoma
risk, and we adjust for age by sex interaction because it is known that the age incidence curve
is much steeper for men. We elected not to adjust for phenotypic risk factors of likely genetic
origin such as hair color, mole count, and others, and for the major environmental risk factor,
sun exposure. The coefficients f§ represent the relative risks of individual genetic variants for
melanoma on a log scale, and their estimation is the main focus of the analysis. Variants for which
the Polyphen score was not available were assigned a O score, and an indicator that takes value
1 if the score is available and 0 otherwise was included in the model to account for this missing
information.

The pseudo-likelihood method was accomplished using the GLIMMIX macro following the
code provided by Witte et al. [8]. The major distinction between Witte’s program and ours is
that rather than using an SB approach which requires specification of 72, we made use of the
options in the GLIMMIX macro that allowed us to estimate empirically the common variance
72. For purposes of comparison, we also included results obtained from the SB methods with
prespecification of 72 to a set of selected values. Other differences between our program and
Witte’s is that all our second-stage models contained an intercept (as compared with none in
Witte’s model) and that the standard errors of our estimates were adjusted using the Kenward—
Roger adjustment [31], an inflation factor that takes into account the uncertainty in estimating
the parameters 7 and ¢. The existing MIXED and GLIMMIX procedures implement this adjust-
ment only for the matrix of covariances of the fixed effects and for the standard errors of the
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random effects. However, for the purposes of our application, the full-adjusted matrix of covari-
ances of the fixed and random effects is needed to compute the variances of the individual
log-relative risk estimates in (7). The SAS Help and Documentation manual for these procedures
incorrectly states that these covariances are adjusted for the Kenward—Roger inflation factor. We
therefore used a macro that implements the Kenward—Roger adjustment for all the desired esti-
mates. Details on this implementation along with the macro that was used are provided in the
Appendix.

We implemented the Gibbs sampling algorithm to fit the GLMM in (3) and assumed non-
informative priors for the hyperparameters (an inverse-Gamma distribution with both shape and
scale parameters set at 0.01 for > and normal distributions with mean 0 and variance 100 for
the other hyperparameters). These models were estimated using the WinBUGS software based on
8500 burn-ins followed by 10000 iterations.

For purposes of benchmarching, we also employed ordinary logistic regression, i.e. with no
second-level modeling. However, this method produces maximum likelihood estimates (MLEs)
only for the relatively few variants that occurred in at least one case and at least one control.

5. RESULTS

Table II presents estimates of the odds ratios and corresponding 95 per cent confidence and credible
intervals for the first-stage covariates for the pseudo-likelihood method and the Bayesian method,
respectively (columns 1 and 2). It also includes results obtained from the pseudo-likelihood method
under the assumption that the random effects f§ are exchangeable (corresponding to no second-stage
covariates) and the MLEs obtained from an ordinary logistic regression (first-stage model with

Table II. Odds ratios and corresponding 95 per cent confidence intervals and credible intervals (Bayesian)
for the first-stage covariates under Gibbs sampling, pseudo-likelihood, and maximum likelihood methods.

Odds ratios (95 per cent CI)

Variable Bayesian Pseudo-likelihood ~ Exchangeable®  Maximum likelihood
Age <45 1.0 1.0 1.0 1.0
45-59 1.8 (1.3-2.5) 1.8 (1.3-2.5) 1.8 (1.3-2.5) 1.8 (1.3-2.5)
60-74 3.7 (2.7-5.0) 3.6 (2.6-5.0) 3.6 (2.6-4.9) 3.6 (2.6-5.0)
75+ 3.7 (2.5-5.5) 3.7 2.5-54) 3.7 (2.5-54) 3.7 (2.5-5.5)
Sex Female 1.0 1.0 1.0 1.0
Male 1.0 (0.7-1.5) 1.0 (0.7-1.6) 1.0 (0.7-1.6) 1.0 (0.7-1.6)
Age x sex 45-59, male 1.2 (0.7-2.0) 1.1 (0.7-1.9) 1.1 (0.7-1.9) 1.2 (0.7-2.0)
60-74, male 1.5 (0.9-2.4) 1.4 (0.9-2.4) 1.4 (0.9-2.4) 1.5 (0.9-2.4)
75+, male 1.9 (1.1-3.4) 1.9 (1.1-3.3) 1.9 (1.1-3.3) 1.9 (1.1-3.4)
Polymorphism 442GA 1.0 (0.7-1.3) 1.0 (0.7-1.3) 1.0 (0.7-1.3) 1.0 (0.7-1.3)
ex3 nt5007 2.0 (1.1-3.7) 2.0 (1.1-3.7) 2.0 (1.1-3.7) 1.9 (1.0-3.6)
ex3 nt540% 1.5 (0.9-2.7) 1.5 (0.9-2.8) 1.5 (0.9-2.8) 1.5 (0.8-2.7)

*This model was fit by the GLIMMIX macro assuming exchangeability of the random effects.

TGG versus CC or CG.
ITT versus CC or CT.
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fixed effects only). Estimates for the confounder variables included in the first-stage model are
very similar for all of these methods and are not sensitive to different prespecified values of 72 for
the SB pseudo-likelihood approach (data not shown), suggesting that with sufficient sample size,
the methods accurately estimate these parameters.

In subsequent tables we present analyses of the individual variants. We include in these tables all
variants observed on at least three patients and a representative selection of the remaining variants,
which are each observed only once or twice in the data set. In Tables III and IV, we present
the results of four analyses based on the pseudo-likelihood method using different combinations
of the higher-level covariates. Models 1-4 all include an intercept and, respectively, no higher-
level covariates, functional status alone, functional status plus history of familial aggregation
(GenoMEL), and finally both these in addition to the Polyphen score and the indicator for missing
Polyphen scores. The coefficients of the higher-level covariates are given in Table III. All three
higher-level covariates appear to contain important information for predicting the risks of the
individual variants, although their individual rate ratios are attenuated when they are included
together in the model, due to modest collinearity between these factors.

In Table IV we see that the relative risks of the individual variants seem to be well differentiated
by the second-stage covariates and by the empirical case—control relative frequencies. The results for
the six most frequent variants at the top seem to show estimators that are influenced by the observed
case—control (MPM/SPM) ratios of counts. That is, high odds ratios (both statistically significant)
are estimated for the two variants that have a strong preponderance of MPM cases, namely —34
G>T, despite the fact that this variant is non-functional, and c.301 G>T, although this variant is
both functional and has been observed in melanoma families also. Null or negative associations
are estimated for the other four of these relatively frequent variants (despite the fact that c.8 9 is a
‘functional’ variant). The remaining variants with three or fewer occurrences seem to be strongly
influenced by the hierarchical covariates. For example, ¢.159 G>C has a baseline relative risk esti-
mate of 2.2, but this rises to 2.7 on the basis of its classification as functional (Model 2), to 4.5 on the
basis of its additional classification as a ‘familial’ variant, and to 6.5 on the basis of its high Polyphen
score. Conversely, c.170 C>T has a relatively high relative risk of 4.7 based on its classification as

Table III. Odds ratios and corresponding 95 per cent confidence intervals for the higher-level
covariates under pseudo-likelihood methods.

Second stage Model 1% Model 2% Model 3} Model 41
Functional — 2.8 (14-5.9) 1.6 (0.7-3.9) 1.0 (0.34.2)
GenoMEL — — 3.6 (1.0-12.5) 2.3 (0.6-9.1)
Polyphen — — — 2.2 (0.7-6.5)
Polyphen exist — — — 0.6 (0.04-8.1)
T 1.16 1.19 0.94 0.98

*A ‘— indicates that the corresponding variable was not included in the model.

TModel 1 assumes exchangeability of the random effects f.

fModel 2 contains an intercept and functional status as second-stage covariates.

$Model 3 contains as second-stage covariates an intercept, the functional status, and an indicator whether the
variant was observed in GenoMEL [14].

IModel 4 contains the following second-stage covariates: intercept, functional status, an indicator whether the
variant was observed in GenoMEL, the Polyphen score, and an indicator whether the Polyphen score is
missing or not.

Copyright © 2008 John Wiley & Sons, Ltd. Statist. Med. 2008; 27:1973-1992
DOI: 10.1002/sim



M. CAPANU ET AL.

1984

*2100s udydAjod Y1 pue
“THINOUSD) UL PIAISSQO SeM JUBLIEA AU} IDYIOUM IOJEJIpUT UE ‘Smie)s [euonouny 4dodojul :SojeLieA0d a3el1s-puooss SUIMO[[0) Ay} SUTEIU0D f [OPOJA

[#1] THINOUSD UI PaAIASqO SEA JUBLIEA AU} JOYIAYM JOJRDIPUI UE PUE ‘SMIEIS [EUONOUNY 3y} 1dodIaul Uk SOBLIBAOD 9FEIS-PUOIIS SE SUIBIUOD ¢ [9POJAT

"9JBLIBAOD meumnﬁﬁonu@m B Se snjejs [euonodunj 2y} pue HQUUM—OHEM ue surejuod g ﬁoﬁozm

‘¢ $1091J0 wopuel Yy} Jo AI[IRaSURYOXD SOWINSSE | [9POIN 4
"HTN 9)UY & 9ARY JOU OP [0XJUOD JUO PUE ISBD SUO ISE] JB INOYIIM SIUBLIEA |

panduwiod 9q 10U pnod 3109s uaydA[od Y1 1Byl SAJBIIPUL , — , Y,

€vr90 €S (B1€50 'y (§61-C0) 0T F¥I=T0) 91 LTT I Sok 0 I J<DLY™
(L'9-1'0) 80 (19-10) L0 (€8-10) 80 (LT1-CT0) €1 0 ON 0 I V<Dy8eD
(66-00 90  (s01-C0 v'I  (1I'61-C0) 0T (I'v1-C0) 9'1 LTO 0 Sok 0 I L<D0LE™D
(99—-€0) 0¥ t6-T0) €1 (§S1-C0) L'T (L'T1-T0) €1 cre 0 SR 0 I V<D6vC?
(82650 0¥ @610 LT (1990 IS (STE-S0) 6¢€ (4! 0 SR I 0 V<DL9d
OvL-80) 9L  (I'TT+0) 0¢  (TES—L0) 65 (8LESO) S¥ L9T 0 Sok I 0 L<DLYT?
(TTL01) S8 (68501 SL (67750 67 (910 L'E 86'L I LN I 0 D<L9¥I™
6TI-C09 1  (€11-C0) ¥'I  (961-C0) 0T (08T—+0) €€ 0 ON I 0 V/90L(—)
6 111-00 0°ST (0SL—9D 011 (€69-TD 06 (801 I'L we I Sok C 0 D<LS6
(0¥1-70) 91 (I81-+0) LT (S0¥=S0) Ly (£87-50) 9¢€ 8C0 0 LN [ 0 L<DO0LI™
(6°68-9'D S'IT (L'0L=S'D) T01 (965-1'1) 08 (8'€E760) €9 66'1 I Sok C 0 D<Dree™
(#'05—8°0) S'9 01¢-L0) Sv (€610 LT (TSI-€0) TT 110 ST 44 I S I I O<D6S1™
(€91-80) 19 (18290 Tvr F91-+'0) 9T (0EI-+0) TT (S'ST—T0) €7 [4X¢ ! SA 4 ! V<D6S1
(S6-70 €1 (L0o1-¢0) 81 (0ST—+0) ¥ (STI-€0) 0T (I'€T—T0) 0°C 0 S9A I 4 V<D8I¢™D
(oor-1ro) 't (I'SI-€0) T¢ ©L-10 01  (€9-1°0) 60 I Sok 0 C DIeP687L8™2
067C0 €1 T9-10 01 LT TT 910 60 661 0 SR 0 € O<DELE™D
(6'$-1°0) L0 t's-1°0) L0 (89-100 L0 (6810 I'I 0 ON 0 C L1<06e(—)
(S'L-1'0) 80 (L9-10) 80 (I'01-10) 80 (€¥1-T0) 91 Ov1-10) T1T 0 ON I 4 L<2¥1(-)
(Le-10 90 (Le10) L0 9¢T10 90 (S¥T0 60 0's-0'0 0 0 ON I 14 V<DETI™
(€€-10 S0 (Le-10) L0 (6€-1'0) L0 (S€-1°0) 9°0 0 Sok 0 9 SuI6™8"
(8,507 801 (T¥r81) 88 (FseS1 gL (62+1) €9 (€Te1-9°D) L'y 67T I S S I L<DI0¢™
(€581 89 (982070 SL  (€€T8D¥9 (LT 9L (€L9-L0) s€l I ON L 4 1<Dve(-)
(€0 11 €e+0 11 (€e+0 Tl (LeS0 €T (CRm AN 0 ON 9 6 0<Dge(-)
(I'z=€0) 80 (1'z=€°0) 80 (1z=€0 80 (€740 60 (1I'z=€0) 80 0 ON 9 ST D/D LE+087D
|7 [9POIN 1€ [°POIN §C [°POIN 11 [PPOIN JHTN +AI0d  THNOUSD  [euonduny NI JNdS JUBLIEA

(1D 10 12d Gg) soner sppO

"SOIIBUQIS [opOW JFe)S-PU0IAS JUIIMIP JOpUN SPOYIAW
pooyrayI[-opnasd pue pooyI[oyI] WNWIXEW SUISN SJUBLIEA PJOS[S IO S[RAISIUT 0ULPYUO0D Judd 1od G Surpuodsariod pue sonjel sppO ‘Al 2[9eL

Statist. Med. 2008; 27:1973—-1992

Copyright © 2008 John Wiley & Sons, Ltd.

DOI: 10.1002/sim



ESTIMATING RELATIVE RISKS OF INDIVIDUAL GENETIC VARIANTS 1985

functional, but absence of evidence of prior family clustering and a low Polyphen score reduces this
estimate to 1.6. Confidence intervals are generally wide for these rarer mutations. However, it is
clearly possible to achieve individual statistical significance, an example being c¢.334 C>G, where
the designation of functionality, the fact that this variant has been observed in melanoma families,
and the fact that both carriers are cases are sufficient, after drawing strength from the aggregating
powers of the model, to conclude with statistical significance that this variant confers a high
risk.

It is of interest to compare the results of ordinary logistic regression (MLE) with those from
Model 1, which is in essence a random-effects model with no higher-level covariates. It is noticeable
that the more extreme odds ratio estimates from the logistic regression are attenuated substantially
in the random-effects setting (Table IV), notably those at —34 G>T, ¢.301 G>T, and c.123 G>A,
a familiar shrinkage phenomenon of EB techniques.

Table V contrasts the results from the Bayesian (Gibbs sampling) and pseudo-likelihood
approaches. The results from the two methods are generally similar, although the Bayesian
approach seems to lead to more extreme estimates in several cases and generally wider intervals
(note that the Bayesian method produces a larger estimate for 7 than the pseudo-likelihood
method: 1.9 versus 1.2). One limitation of running the Gibbs sampler in this scenario is that
due to the sparseness of the data the procedure is computationally intensive. For the GEM
data, on an Intel Pentium 4 CPU 3.06 GHz workstation it takes 4 min in WinBUGS (1.35 min
in OpenBUGS on Linux) per each additional iteration, thus needing almost 67 (23)h per 1000
iterations. To ensure convergence of the Markov chain, one would typically allow it to run for a
large number of iterations, a task that may be infeasible depending on the data set. In contrast, the
pseudo-likelihood method implemented by the GLIMMIX macro converges and produces results
in a few seconds.

To assess convergence we used the graphical tools provided by the WinBUGS menu (trace,
history, and quantile plots) and also some more formal convergence diagnostics such as the
Gelman—Rubin convergence statistic [32] and the convergence tests proposed by Heidelberger and
Welch [33]. On the basis of the three chains, the scale reduction factors of Gelman and Rubin
[32] and Brooks and Gelman [34] were all close to 1 suggesting satisfactory convergence. After
8500 burn-in iterations followed by 10000 iterations, all the parameters in the model passed the
stationarity test of Heidelberger and Welch [33]. However, not all of these passed the half-width
test, where the accuracy of the test was ¢=0.1 (which is the CODA default). These results can be
seen in Table V for our selected set of the investigated variants.

Recognizing that hierarchical analyses can be sensitive to the choice of prior [35], we conducted
a small sensitivity analysis in which we varied the scale and shape parameters of the inverse-Gamma
prior for t from 0.01 to 0.0001. A Uniform(0, 100) distribution was also assumed for comparison.
The choice of the scale and shape parameters of the inverse-Gamma distribution did not change
the results substantially, although the relative risk estimates of the variants were slightly more
variable in the case of the inverse-Gamma(0.0001,0.0001). The choice of a uniform prior led to
somewhat more extreme estimates for the relative risks of some of the variants and generally wider
credible intervals. The odds ratios and credible intervals for the first- and second-stage covariates
were very similar regardless of the prior distribution for .

Finally, we examined the SB approach by comparing the odds ratio estimates of the variants
for varying pre-specified values of t. The results show that the estimates diverge monotonically,
suggesting that pre-specification of 7 is not a good strategy in the absence of strong prior information
about 7 as it can lead to radically different estimates. As an example, ¢.301 G>T has an odds ratio
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Table V. Odds ratios and corresponding 95 per cent confidence intervals and credible intervals (Bayesian)
for selected variants and for second-stage covariates under Gibbs sampling, pseudo-likelihood methods,
and diagnostic tests for the Gibbs sampler (p=passed, f=failed).

Odds ratios (95 per cent CI) Heidelberger tests

Level Variant Controls Cases Functional Pseudo-likelihood  Bayesian Stationary Halfwidth
¢.504+37 G/C 15 6 No 0.8 (0.3-2.1) 0.8 (0.3-2) p p
(-) 33 G>C 9 6 No 1.2 (0.4-3.3) 1.2 (0.4-3.3) p p
(=) 34 G>T 2 7 No 6.4 (1.8-23.3) 8.9 (2-50.7) p p
c.301 G>T 1 5 Yes 7.3 (1.5-35.4) 10.0 (1.8-92.9) p p
c.89ins 6 0 Yes 0.7 (0.1-3.9) 0.3 (0.0-2.4) p p
c.123 G>A 4 1 No 0.6 (0.1-3.6) 0.5 (0.0-3.1) p p
(-) 14 C>T 2 1 No 0.8 (0.1-10.1) 1.1 (0.1-9.2) p f
(=) 25C>T 2 0 No 0.7 (0.1-6.8) 0.3 (0.0-5.7) p f
¢.373 G>C 3 0 Yes 1.1 (0.2-7.6) 0.4 (0.0-4.9) p f
¢.87_89delG 2 0 Yes 1.0 (0.1-7.6) 0.4 (0.0-5.5) p f
c.318 G>A 2 1 Yes 2.4 (0.4-15.0) 2.0 (0.2-15.0) P p
c.159 G>A 1 2 Yes 2.6 (0.4-16.4) 2.6 (0.3-26.5) p p
c.159 G>C 1 1 Yes 2.7 (0.4-19.3) 2.4 (0.2-28.0) P P
c.334 C>G 0 2 Yes 8.0 (1.1-59.6) 16.9 (1.3-1072.8) p p
c.170 C>T 0 2 Yes 4.7 (0.5-40.5) 8.4 (0.6-507.2) p p
c.95 T>C 0 2 Yes 9.0 (1.2-65.3) 19.4 (1.5-1126.6) p p
(=) 70 G/A 0 1 No 2.0 (0.2-19.6) 4.1 (0.2-245.7) p p
c.146 T>G 0 1 Yes 4.9 (0.5-44.9) 8.5 (0.5-641.6) p p
c.247 C>T 0 1 Yes 5.9 (0.7-53.2) 10.6 (0.6-769.7) p p
c.67 G>A 0 1 Yes 5.1 (0.6-46.1) 5.2 (0.3-370.2) p p
c.249 C>A 1 0 Yes 1.7 (0.2-15.5) 0.8 (0.0-15.0) p f
c.370 C>T 1 0 Yes 2.0 (0.2-19.1) 1.0 (0.0-17.7) p f
c.384 G>A 1 0 No 0.8 (0.1-8.3) 0.4 (0.0-9.4) p f
c.67 G>C 1 0 Yes 2.0 (0.2-19.5) 1.0 (0.0-20.5) p f
Second Functional 2.8 (1.4-5.9) 2.4 (0.7-6.8)
stage
T 1.2 1.9

of 3.5 for t=0.1, 4.6 for t=0.5, 6.0 for t=0.8,7.0 for t=1,7.3 for t=1.2, and 10.0 for t=1.9.
Other variants exhibited similar trends.

6. DISCUSSION

Bayesian analysis using Gibbs sampling and the pseudo-likelihood method emerge as being the
only feasible approaches possibly applicable to the problem of estimating the individual risks
conferred by rare genetic variants [8, 9]. The novelty of this article lies in the application of these
methods to estimate the individual effects of very sparse variants (even for variants with only a
single carrier observed in the data set). To the best of our knowledge, this problem has not been
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previously addressed; yet it is likely to be of great importance to epidemiologists and genetic
counselors as more detailed information emerges from epidemiologic studies of the effects of
major cancer genes. Other authors have proposed multi-level or Bayesian models to address related
problems. For example, Parmigiani ef al. [36] used a Bayesian hierarchical approach to model the
probability that a woman is a carrier of any mutation in the BRCAI and BRCA2 genes. Goldgar
et al. [37] developed a multifactorial likelihood-ratio approach to estimate the odds of causality
of a specific genetic variant in the setting of a familial segregation analysis, using information
on amino acid conservation, severity of amino acid change, and functional data. Neither of these
approaches was designed to improve the risk estimation for individual variants. By contrast, the
hierarchical modeling methods we have used draw upon the information in important higher-level
covariates to augment the meager information from the case and control frequencies of subjects
carrying the variant. They provide a viable analytic strategy, which offers the promise that we will
be able to distinguish variants that can increase risk from those that are harmless, thus facilitating
genetic counseling.

To effectively apply these methods, one needs important second-stage covariates that are strongly
associated with the disease. That is, if a higher-level covariate successfully categorizes the variants
into high- and low-risk categories on the basis of their aggregated case—control ratios, then the
risks conferred by individual variants with minimal data can be predicted more accurately on the
basis of this higher-level classification. In the context of our example, we see that ‘functional’
variants in aggregate have a greatly elevated risk, whereas non-functional variants appear to confer
little or no increased risk. Conversely, if a variant is known to be ‘functional’, then we can infer
that it probably confers increased risk in the absence of contradictory evidence from case—control
frequencies. Our other two higher-level covariates also provide substantial capacity to sort the
variants into high- and low-risk groups.

Much current research is directed at the problem of determining which genetic variants within
known genes confer risk. These bioinformatic tools are generally deductive, in that they are based
on assumptions about the relevance of genomic features of the variants that are postulated to
predict functional relevance. For example, SIFT is based on the premise that changes in amino
acids that are evolutionarily conserved within a family of proteins or across species are more likely
to have an important impact on function [18, 19]. PolyPhen uses protein structure, sequence, and
phylogenetic information to predict the impact on the 3D-structure and the consequences of amino
acid changes on protein function [15—17]. Recent trends in cancer epidemiologic research have led
to a climate in which investigators are discouraged from publishing case—control associations of
candidate genetic variants based on purely empirical findings, in the absence of evidence that the
variant under study is likely to affect the gene [38]. Although this issue is controversial [39—43],
it is abundantly clear that information on the likely impact of the variant can be highly relevant.
With improvement of bioinformatic tools to predict effect, our opinion is that the best way to
determine the relevance of individual variants is to utilize well-designed epidemiologic studies
in which primacy is given to the data, but where the data analytic inferences can draw strength
from the bioinformatic predictors to the extent that these predictors are observed empirically to be
associated with disease risk. Hierarchical modeling provides a statistical approach that combines
in a natural way the evidence relating the individual variants with risk, and the evidence linking
the bioinformatic predictors with risk.

Our data example is limited by the fact that there are relatively few variants, and data are sparse
for most of them. However, as more data are assembled, the precision of the estimates of the
hierarchical predictors should increase, and this in turn should improve our ability to predict the
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risk conferred by the individual rare variants. Similarly, as the tools for bioinformatic prediction
are refined, this too can only improve the capability of these methods.

Model fit is not a focus of this paper and the models presented for the GEM data are not a
result of a model selection procedure but rather an illustration of how information from higher-
level covariates can be used to improve our ability to predict the risks conferred by individual
rare variants. We recognize that there are available Bayesian criteria for model comparison [44].
However, as the Gibbs sampling is computationally intensive in this setting, running multiple
models for the purpose of model selection is practically unfeasible. To the best of our knowledge,
there is no available method to compare different models under the pseudo-likelihood method
as this procedure uses the log-likelihood of a linearized model, and thus it employs a pseudo-
log-likelihood that cannot be compared formally across different models even if the models are
nested.

Finally, we recognize a major limitation with our approach. The confidence intervals obtained
with the pseudo-likelihood method are based on large sample approximations that may have poor
coverage properties in the sparse data configurations under consideration. Indeed, for the sparse
variants, the disparities between the confidence intervals obtained with the pseudo-likelihood
method and the credible intervals obtained with the Bayesian approach that we used as a benchmark
give cause for caution. Further research is needed to investigate the validity of the method as
a function of the sample sizes available for each variant. The disparities in the estimates of the
variance 7 of the second-stage model between the pseudo-likelihood and Bayesian methods also
need to be explored further.

APPENDIX A

A.1. SAS code for the pseudo-likelihood method and the Kenward—Roger adjustment

We attach below the SAS code that was used to fit the pseudo-likelihood method with t estimated
from the data. The macros %getXZ and %get_oput can be downloaded from John Witte’s webpage
(http://darwin.cwru.edu/~witte/glimmix.htm), whereas the %glimmix macro can be downloaded
from: http://support.sas.com/ctx/samples/index.jsp?sid=536.

To implement the Kenward—Roger adjustment, we made use of the fact that the standard errors
of the estimates obtained with the ESTIMATE statement in the %glimmix macro are properly
adjusted with the Kenward—Roger adjustment. To obtain the full-adjusted matrices of covariances
between fixed and random effects, we wrote a macro (%estimate) that takes as arguments the
number of fixed and random effects in the model and outputs ESTIMATE statements for each
of the differences between the fixed and the random effects. Using the formula var(a —b)=
var(a) +var(b) —2cov(a, b), we derived the covariances between the fixed and random effects in
terms of the variances of the fixed effects, variances of the random effects, and the variances
of the differences between each fixed and each random effect, quantities that are all directly
adjusted for the Kenward—Roger adjustment when the option ddfm=kewardroger is used in the
%glimmix macro. Once the full-adjusted matrix of covariances of the fixed and random effects was
obtained, equation (7) was then used to compute the adjusted standard errors of the log-relative
risk estimates Zf We expanded %get_oput macro of Witte to incorporate these computations that
were implemented in the macro %get_oput_kenward not presented here due to space limitations,
but available upon request from the authors.
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%glimmix(data=dataset, procopt=mmeqsol,

stmts= %str(

model Y1 = W1 W2 W3 W4 W5 W6 W7 W4*W7 W5*W7 W6*W7

coll col2/ solution covb DDFM=KENWARDROGER;

random X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17
X18 X19 X20 X21 X22 X23 X24 X25 X26 X27 X28 X29 X30 X31 X32

X33 X34 X35 X36 X37 X38 X39 X40 X41 X42 X43 / g solution type=toep(1);)
Yestimate(2,43)

9ostr(make *'mmeqsol’ out=mmeqsol;make ’g’ out=g;make ’solutionr’ out=solutionr;
make ’Estimates’ out=Estimates;make ’covb’ out=covb;),

options=mixprintlast, error=binomial

)

run;

%get_oput_kenward(dir=G:/GEM, Xdata=X_dat, Zdata=7_dat,
nvarX=43, nvarZ = 2, nvarW=10, nmsol=57);

A.2. The Gibbs sampler

WinBUGS code: We attach below the WinBUGS code that was used to implement the Gibbs
sampling method. Note that in WinBUGS the Normal distribution is defined as N(mean, preci-
sion) where precision=1/variance; for this application we used normal priors with mean 0 and
variance 100. The precision of the normal distribution of the random effects was given as prior a
Gamma(0.01, 0.01) that has mean 1 and variance 100.

model {

for (n in 1:3613)

{ status[n] ~ dbern(pr[n]); sumG[n] < inprod(b[], v[n,])

sumW/[n] < alphal*age45_59[n] 4 alpha2*age60_74[n] +alpha3*agegt75[n] + alpha4*male[n]
+ alphal1*age45_59[n]*male[n] + alpha21*age60_74[n]*male[n]+ alpha31*agegt75[n]*male[n]
+ alpha5*c442GA[n]+alpha6*ex3_nt500[n] + alpha7*ex3_nt540[n]

logit(pr[n]) < alpha0 4+ sumG[n] + sumW/[n]

}

for (s in 1:43) { b[s] ~ dnorm(beta[s], sigma)

beta[s] ~ piO+pil *functional[s]}

alpha0 ~ dnorm(0,.001); alphal ~ dnorm(0,.001); alpha2 ~ dnorm(0,.001);

alpha3 ~dnorm(0,.001); alpha4 ~ dnorm(0,.001); alpha5 ~ dnorm(0,.001);

alpha6 ~ dnorm(0,.001); alpha7 ~ dnorm(0,.001); alphall ~ dnorm(0,.001);

alpha2l ~ dnorm(0,.001); alpha31 ~ dnorm(0,.001); pi0 ~ dnorm(0,.001);

pil~ dnorm(0,.001); sigma ~ dgamma(.01, .01);SDpi ~ 1/sqrt(sigma); }
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