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Objectives

To review the literature on pharmacogenetics and list model building
strategies in this field.
To apply model building strategies to study the pharmacokinetics of

digoxin.

Literature review

Objectives:

Two types of review performed:

1. Exhaustive search in Clinical Pharmacology and Therapeutics
(CPT) 2003-2004

• overview of the methods used to treat pharmacogenetic data

2. PubMed search

• overview of the publications using nonlinear mixed effect models
(NLMEM) to treat pharmacogenetic data

• list of strategies for coding of genetic covariates and their inclusion
in the model

Methods:

Search in CPT:

• Papers retrieved based on abstracts and keywords

• Selection cross-checked using PubMed

– restricted to journal

– abstract check

Figure 1: Increasing trend for both papers and abstracts in the
number of papers published.
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PubMed search:

• several searches with various combinations of keywords

– pharmacogenetics, pharmacogenomics, genetics, polymorphism

– pharmacokinetics, pharmacodynamics, efficacy, toxicity, safety

– NONMEM, non linear mixed effect models, non linear mixed re-
gression

• abstracts of the papers read (n=24)

– 2 papers in Chinese excluded from the review

• finally 13 papers retrieved

Results:

Figure 2: the exhaustive review in CPT 2003-2004 showed pre-
dominant use of NCA approaches.
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Note: for 10 abstracts, method was not mentioned but appeared to be
NCA.

• 21 papers (75%) and 15 abstracts (70%) studied at least one gene
from cytochrome P450 family (CYP)

– papers: CYP2C9 (n=11) followed by CYP3A5 (n=7)

– abstracts: CYP3A5 (n=7) followed by CYP2D6 (n=5)

• MDR1 studied in about one third of the publications

Table 1: use of NLMEM in pharmacogenetics.

Number of patients small (<50): 8 large: 5
mean: 83 (10–337) SD: 94

Subjects healthy: 4 (ntot=89) patients: 7 (ntot=610)
both: 2 (nHV =312, npts=65)

Drugs psychiatry: 5 diabetes: 2
immunosuppressant: 2 other: 4

Genes studied CYP2D6: 4 CYP2C9: 5
CYP2C19:5 CYP3A4: 1
CYP3A5: 3 MDR-1: 3
other: 2

Nb of genes 1 gene: 5 2 genes: 6
3 genes: 2

Response PK only: 9 PK/PD: 4
Sampling rich: 6 sparse: 3

NR: 4
Estimation method FO: 1 FOCE: 6

NR: 6
Software NONMEM: 11 WinNonMix: 1

NR: 1
Cov selection None or NR: 7 ULR: 4

MLR: 1 GAM: 11

Cov inclusion forward, LRT: 6 model: 4
LRT p-value p=0.05: 5 p=0.01:1
Cov deletion backward, LRT: 2 Wald: 1

CI: 2 clin relevance: 1

Other3: 1 None or NR: 8
Coding NR: 1 genotype: 3 (2 groups)

haplotype2: 2 nb of alleles: 7

Table legend:
NR: not reported; ULR: Univariate linear regression; MLR:
Multivariate linear regression; GAM: generalised additive
model
1 also relationship included from previous knowledge
2 grouping depending on two genes
3 randomisation test

• Estimation method

– nearly all studies use NONMEM

– half do not report the estimation method

∗ despite known problems with false inclusion rate and FO

• Covariate selection method not always described

• Covariate model building: wide range of methods

– frequently, inclusion due to prior knowledge (5 papers)

– statistical selection using various methods (GAM, forward inclu-
sion, ...)

• Genetic covariate coding

– usually treated as genotype or number of alleles

– 2 studies report haplotype analysis

Model building for digoxin

Data:

• 32 healthy volunteers from 3 pharmacokinetic interaction studies

– macrogol-digoxin interaction study (n=7)

– grapefruit juice-digoxin interaction study (n=12)

– dipyridamole-digoxin interaction study (n=13)

• covariates

– ethnic origin: 25 Caucasian (20 men, 5 women), 6 Africans (2 men,
4 women), 1 Asian (a man)

– age: median 25.8±5.2 years (range 19-35)

• genotyping prior to inclusion

– balance the genotypes for C3435T MDR1 polymorphism (exon 26)

– observed genotypes: 10 TT (31%), 8 CT (25%) and 14 CC (44%)

– G2677T/A polymorphism (exon 21) also determined

• study design

– 0.5 mg oral dose of digoxin after an overnight fast

– rich PK sampling

∗ first study: 15, 30, 45 minutes, 1h, 1h30, 2h, 2h30, 3, 4, 6, 9, 12,
16, 24, 48 and 72 hours

∗ other studies: 15, 30, 45 minutes, 1h, 1h30, 2, 4, 6, 8, 12, 24 and
48 hours after the dose

Analytical methods:

• Digoxin

– modified enzyme multiplied digoxin immunoassay

– quantification limit of 0.1 ng/ml

• Genotype

– genotypes for MDR1 C3435T and G2677T/A polymorphism

– polymerase chain reaction restriction fragment length polymor-
phism or denaturing HPLC methods [1]

Digoxine concentrations in the 32 healthy volunteers after a 0.5 mg
oral dose could be modelled using a two-compartment model (building
using log-likelihood ratio test).
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Statistical methods for genetic covariate inclusion:

• Empirical Bayes estimates

– parameter estimation for the base model without covariates

– estimation of the individual Empirical Bayes Estimates (EBE)

– ANOVA between EBE and the genetic covariates

• Exhaustive search

– estimation of all possible models for each parameter

– criterion: BIC (Bayesian Information Criterion)

– best models combined over all the parameters to select the best
models

• Wald statistic

– parameter estimation for the full model with a covariate effect on
each parameter

– for each covariate parameter, estimation of the Wald statistic

W (θ) =

(

θ̂
ˆSE(θ)

)2

– compare W to the critical value of a χ2 with 1 d.f.

• Estimation methods

– approximate log-likelihood with FOCE: implemented in NON-

MEM [2], using the INTERACTION option

– numerical computation of exact log-likelihood with SAEM: imple-
mented in MONOLIX [3]

• Analysis of the results: R statistical and graphical environment [4]
for Linux

Results of model building for digoxin, exon analysis:

Table 2: models resulting from the analyses performed using the
two estimation methods and the three covariate inclusion strategies

Method FOCE SAEM
EBE Vd different for TT subjects Vd different for TT subjects
BIC CL(TT) and Vd(TT) different CL(TT) and Vd(TT) different

Wald1 Vd different for TT subjects Vd different for TT subjects

1 For FOCE, we found a slight gene effect for Vd when comparing TT and CC

(p=0.0163) and TT and CT (p=0.0275, NS after Bonferroni correction). Both

p-values remain significant when using Simes’ correction, a correction for mul-

tiple tests that preserves the family-wise error rate. For SAEM, the two tests

for Vd became non significant after correction by either method; also, testing CL

showed a borderline significant difference for the test of TT vs CC (p=0.049, NS

after Bonferroni correction), but not for TT vs CT.

• Slightly different results according to the three methods

– consistent effect on volume of distribution

– mostly difference between TT carriers and the other genotype

– results can be interpreted using a model with bioavailability differ-
ent in TT subjects (around 20% higher)

• Explains the results of the previous analysis [1]

– compared the AUC of digoxin according to genotype

– showed a strong influence of the genotype for exon 26

• Interindividual variability

– with SAEM, possible to estimate IIV for all parameters, but model
estimates more stable without IIV on the transfer rate constants
to and from the peripheral compartment

⇒ no IIV for these two parameters

– also not possible to estimate IIV for Tlag with FOCE

⇒ EBE would not apply for this parameter

• Polymorphism in exon 21

– no additional effect was found after the effect of exon 26 polymor-
phism had been accounted for

Extension of the analysis considering haplotypes:

• Classification

– haplotypes defined based on number of mutant alleles in each gene

– total of 5 classes

• Analysis

– numerical problems: full model does not converge with FOCE

– inconsistent results and most tests non significant

• Conclusion: lack of power due to the small sample size

Conclusion

Pharmacogenetics is being increasingly used in pharmacokinetics and
pharmacodynamics. A wide array of methods have been used to deal
with pharmacogenetic data, but no standard approach has emerged.
A vast majority of the studies found in CPT used non-compartmental
analysis or observed data such as maximum concentrations and per-
formed standard statistical tests. These studies could benefit from using
the NLMEM methodology. NLMEM can provide a better understand-
ing of the influence of genetic data on pharmacokinetics and can take
advantage of sparser sampling.
We found 15 papers where NLMEM have been used. These papers

showed a variety of ways to deal with the categorical nature of pharma-
cogenetic data, resulting in different coding schemes. Model building
strategies were also variable.
For digoxin, NLMEM showed an increase in bioavailability in homozy-

gote carriers of the T allele for the exon 26 polymorphism in MDR-1,
explaining the differences in AUC observed previously [1]. However in
view of the slightly different results obtained by the various methods
tested, the value of prior knowledge should not be underestimated in
building a model explaining the influence of genes.
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