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Screening of gene by treatment interactions in very high dimensional SNP gene chip data when
developing medicinal efficacy is explored using individualised expected log likelihood ratios.
Co-occurrence of these interactions is orthogonally decomposed to yield biological insight. An
example of a small phase 2a weight loss clinical trial is given.
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1 Introduction

Despite pharmacogenetics (Roses, 2004) continuing apace (Penny and McHale, 2005; Risner et
al., 2006) there still remains the issue of selecting from the multitude of possible genes which to
follow-up (i.e. the triage problem). In clinical efficacy trials for the development of a new drug
one needs to search amongst many potential gene by treatment interactions for the study end-
point (i.e. the response of interest). This paper offers a simple way of filtering gene chip SNP
data to search for those which may be physiologically implicated and graphically displaying
them for rapid decision making.

2 SNP by treatment statistical model

Per-protocol data from a multi-centre phase 2a placebo controlled weight loss trial with one
formulation of an experimental compound where each person had approx. 266,000 SNP geno-
types were available. Fifty-nine overweight Caucasian patients were randomised, 33 to placebo
whilst 26 received the active drug treatment

A mixed model in SASTM was used for each SNP locus (i.e. polyid): y = Xβ + Zγ + ε,
where y represents a vector of the observed signed change in log body weight data, β is an
unknown vector of fixed-effects parameters with known design matrix X (here, log(baseline
weight) as a continuous variable; plus treatment, gender and genotype as categories), γ is an
unknown vector of zero mean gaussian random-effects parameters with non-negative definite
covariance and with a known design matrix Z (here, investigator = centre, as a category), and
ε is an unknown random error vector whose elements model the homogeneous statistical noise
around y. A separate variance is fitted for each genotype-by-treatment combination. These
residual errors are assumed to be independent Gaussian random variables with mean 0 and
variance R = σ2

i,jI (where i indicates treatment and j indicates genotype). (i.e. σ varies across
genotype-by-treatment combination). Let var(γ) = G then the variance of y (V) is ZGZ

′+R.
Note: γ and ε are uncorrelated.

A data derived inverse gamma prior (Congdon, 2001) for each genotype x treatment variance
was used throughout in order to solve estimation when there is only one person for a particular
genotype by treatment combination (see Table 1).
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Group AA Aa aa ‘Row’ mean

Placebo µ1,1; σ1,1
2 µ1,2; σ1,2

2 µ1,3; σ1,3
2 µ1,.

Treated µ2,1; σ2,1
2 µ2,2; σ2,2

2 µ2,3; σ2,3
2 µ2,.

‘Grand’ mean µ.,.

Table 1: Per polyid posterior estimates for 3 genotypes x 2 treatments, mean and variance
estimated from the full mixed model at a SNP locus. ‘Row’ and ‘Grand’ means, µi,. and µ.,.

respectively, are least squares means for nested reduced fixed effects mixed models within the
same PROC MIXED model statement. ‘Row’ and ‘Grand’ σ2

i,. and σ2
.,. are given in Table 3.

Group AA Aa aa

Placebo µ1,1 − µ1,. + µ.,. µ1,2 − µ1,. + µ.,. µ1,3 − µ1,. + µ.,.

Treated µ2,1 − µ2,. + µ.,. µ2,2 − µ2,. + µ.,. µ2,3 − µ2,. + µ.,.

Group AA Aa aa

Placebo σ2
.,. ∗ σ2

1,1/σ
2
1,. σ2

.,. ∗ σ2
1,2/σ

2
1,. σ2

.,. ∗ σ2
1,3/σ

2
1,.

Treated σ2
.,. ∗ σ2

2,1/σ
2
2,. σ2

.,. ∗ σ2
2,2/σ

2
2,. σ2

.,. ∗ σ2
2,3/σ

2
2,.

Table 2: Adjustment of estimated mean and variances for any overall treatment effect at a SNP
locus from Table 1. µi,. and µ.,. are least squares means for nested reduced fixed effects mixed
models within the same PROC MIXED model statement. σ2

i,. and σ2
.,. are given in Table 3.

‘Row’ and ‘Grand’ σ2 Formula
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Table 3: Formulae for σ2 terms used in adjustment of estimated variances for any overall treat-
ment effect at a SNP locus in Table 2. σ2

i,j are the unadjusted variances from Table 1. σ2
i,. are

row means and σ2
.,. are grand mean for variances.

We treat the problem as a penalized likelihood and mimicked the addition of a suitable penalty
simply by adding particular ‘phantom’ data points (see Green, (1990)). The likelihood penalty
constrains the within genotype-by-treatment estimated variances, so that they are neither too
small or too large. The inverse gamma was specified (as in Forster and O’Hagan, (2004)) in
terms of degrees of freedom (set at 10) and

√
σ̂2 per polyid (where σ̂2 was set at the observed

mean of model adjusted variances for the 6 possible genotype by treatment combinations). A
diagnostic plot of a posteriori σ estimates was used as validation (see Figure 1).

3 Likelihood ratios

For any one polyid, one can estimate from the data (see above) µi and σi for each possible
genotype as the model adjusted values for treatment group i (i=1,2), then:-
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Given observation y, twice log-likelihood ratio for it coming from N(µ1, σ1) or N(µ2, σ2) is

ln(σ2
2) +

(y − µ2)
2

σ2
2

− ln(σ2
1) −

(y − µ1)
2

σ2
1

The expected value for this based on N(µ1, σ1) is

ln(σ2
2) +

σ2
1 + (µ1 − µ2)

2

σ2
2

− ln(σ2
1) −

σ2
1

σ2
1

So if it comes from population 1 then the expected twice log likelihood ratio of coming from
this population relative to the other is

ln(σ2
2) +

σ2
1

σ2
2

+
(µ1 − µ2)

2

σ2
2

− ln(σ2
1) − 1 (1)

and similarly if it comes from population 2 then the expected twice log likelihood ratio of
coming from that population relative to the other is

ln(σ2
1) +

σ2
2

σ2
1

+
(µ1 − µ2)

2

σ2
1

− ln(σ2
2) − 1 (2)

If we sum these we get four times an information radius (Jardine and Sibson, 1971) - the sym-
metric J-divergence - the average expected probability over the treatments:

σ4
1 + σ4

2 + (σ2
1 + σ2

2)(µ1 − µ2)
2

σ2
1σ

2
2

− 2

This needs dividing by 4 to get it on the same log-likelihood scale as the individual subject
score.

However comparing treatment means (or variances) at each genotype within a locus incorpo-
rates the overall treatment effect (on location or scale) not just evidence of any gene x treatment
interaction. Accordingly the means and variances were first adjusted for overall observed treat-
ment effect (Table 2). Then used in the expected likelihood ratios (equations 1 and 2) per geno-
type x polyid for each individual of each treatment group. Each resultant µ represents the effect
of any gene x treatment interaction on the typical response of a subject, and σ represents that
effect on the plasticity of response i.e. environmental interaction at that genotype. Expectation
obviates measurement error in the analysis.

4 Canonical correlation insights

For each individual, the original data (y) is replaced with the expected likelihood ratio values
(equations 1 and 2 above) for a genotype within a polyid (as in Delrieu and Bowman, (2005)).
These are aggregated to polyid by summation, and then to genes by averaging over a pre-
specified genetic map; any missing scores set to zero; a dummy (0,1) variable for treatment
status added (as in Delrieu and Bowman, (2006)); and, the sums of squares and cross products
matrix across subjects overall calculated for each chromosome. Performing an eigen analysis of
this, per chromosome, rescaled as the correlation matrix (see Figure 2) displays the composite
likelihood ratio evidence of gene x treatment interactions for that gene in the context of, (i.e.
filtered by), genotype co-occurrence (aka Linkage disequilibrium or LD) on that chromosome.
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Figure 1: Example from chromosome 5:- Affymetrix Centurion chip genotypes (inverse gamma
prior). Technical display of jittered estimated a posteriori σ (SD) of model adjusted outcome
for each of (up to) 3 genotypes of 8301 polyids (pooled data). Solid envelopes indicate ho-
moscedasticity over wide values of N for degrees of freedom=10 and data derived prior σ̂ esti-
mate (small dash on left at 0.02429) validating our choice of prior.

Or put alternatively, it displays rescaled genetic co-occurrences in gene x treatment interaction
space (see Figure 3 and individualisation in Figure 4).

Clues to follow up physiologically are indicated by:- any chromosome with a large first eigen-
value; score plots with distinct groupings of individuals; and, high gene loadings on the first
eigen vector if in the direction of the dummy group distinction (e.g. DIAPH1 on chromosome
5 - see Figure 5).

Figure 2: Example from chromosome 5:- Eigen value scree plot from expected log likelihood
ratio (equations 1 and 2) gene correlation matrix decomposition - from 328 genes comprising
7959 polyids with convergent estimates. Note only one large eigen vector (first component
- 30% of variation). Approximately equivalent subsequent eigen values indicate essentially
spherical noise (i.e. no further genetic signal) thereafter.
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Figure 3: Example from chromosome 5:- Genes displayed on their first two eigen vector load-
ings from expected log likelihood ratio (equations 1 and 2), gene correlation matrix. Solid line
indicates direction of dummy group distinction. Black circle on right (with max projection
on group distinction): DIAPH1 gene (and various protocadherins superimposed). Remaining
cloud of crosses are genes for within group variation (cf. genetic noise).

Figure 4: Example from chromosome 5:- Biplot of individuals’ first and second eigen vector
scores (expected log likelihood ratio equations 1 and 2, gene correlation matrix). Open circles
= treated individuals, black circles = placebo individuals. Dotted line indicates direction of
dummy group distinction. Scaled genes overlain as crosses (see Figure 3). Note enrichment in
left hand group with treated individuals and in right hand group with placebos. Left hand group
has distinct response from right hand group. From Figure 5, note that all left hand group is seen
to be SNP heterozygotes in the gene of interest, right hand group all are homozygotes.
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Figure 5: Observed unadjusted raw weight change from baseline in kg for each genotype in
SNP3238382 within DIAPH1 gene. Solid symbols jittered to right: treated subjects. Jittered
open squares to the left: placebos. Solid line: Treated group (black=mean, grey=variance).
Dashed line: Placebo (black=mean, grey=variance). Note difference in profiles (i.e. SNP
x treatment interaction) especially on dispersions (despite non-significance in original mixed
model (type3 F4,76 = 0.12, p=0.9673)). All treated and placebo SNP heterozygotes (marked
with crosses) have high loadings on first eigenvector (see Figure 4) from expected log likelihood
ratio, gene correlation matrix. Grey X and fine dotted line with right hand axis - expected log
likelihood ratio (from equations 1 and 2, gene correlation matrix) for SNP genotype group.
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