Conditional non-parametric bootstrap for non-linear mixed effect models
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Objective: propose and evaluate a new residual bootstrap using samples from the individual conditional distributions.

Introduction

e Estimation errors in non-linear mixed effect models (NLMEM)
— generally obtained using the inverse of the Fisher information
matrix

x asymptotic approach valid with large number of subjects and of
observations per subject

— alternative approaches: likelihood profiling, bootstrap, SIR

e Bootstrap methods in NLMEM need to consider the hierarchical
nature of the data [1]

e Evaluated in these models with contrasting results [2]

— sparse and rich designs
— good performance of case bootstrap
* stratification 1ssues with heterogenous designs
— good performance of parametric boostrap
x 1n settings where the distribution of the residuals 1s correct
— non-parametric boostrap

x requires corrections for shrinkage in the individual residuals
e Proposal: Conditional non-parametric bootstrap

—samples from the conditional distribution are used to correct
shrinkage in diagnostics [3]

—1idea: build bootstrap samples using residuals sampled from the
individual conditional distributions

Methods

Statistical models

Model for observation y;

vij = f(Wi,xij) + &(Wi, Y, Xij)€ij
e subjecti (i =1,...N), with n; observations y; = {y;1, ..., Vin, } at times
tj j, and covariates z;
e /. structural model (analytical expression, see example)

e ¢ = g(a,b,c): residual error model (one of: constant, proportional,
combined, exponential) with parameters Y= {a,b,c}

e individual parameters ;

— modelled parametrically as a function y; = h(0;, z;) = h(u(z;),n;)
of fixed effects u and random effects 1; (n ~ N (0,Q))
—1n saemix, i can be the 1dentity function (normal distribution for

V), the exponential function (log-normal distribution for ), or
the logit or probit transformations

Bootstrap methods

e Case bootstrap (CaseBoot): resample complete individuals from the
dataset

e Parametric residual bootstrap (PBoot): resample within a theoreti-
cal distribution

e Non-parametric residual bootstrap (NPBoot): resample empirical
residuals after centering and scaling

e Conditional non-parametric residual bootstrap (c(NPBoot): resam-
ple residuals from individual conditional distributions (Figure 1)
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Figure 1: Algorithm for Conditional non-parametric bootstrap

Evaluation of conditional non-parametric bootstrap

Objective Compare the performance of conditional non-parametric
bootstrap with other bootstrap approaches

Simulation study:
Models:

e structural model: one-compartment model with first-order absorp-
tion
e IIV: exponential model

e residual error model: proportional error

e parameter values from a PK analysis of valproic acid pharmacoki-
netics 1n epileptic children [4]

Parameter Value Parameter Value (%)

ke (h™h 0.15 o7 0
V (L) 5.66 0)% 30
CL (L/h)  0.37 0z, 30
6 (-) 0.2

Table 1: Parameter values used in the simulation.

Simulated datasets:
e for each scenario, 100 simulated datasets with N=100 subjects

— 200 bootstrap samples for each bootstrap

— 100 samples from the conditional distribution for each subject for
cNPBoot

e two designs:

— dose regimen: single dose and repeated dosing

—rich design: 6 sampling times, which were obtained by optimal
design using PFIM [35].

Evaluation of bootstrap methods:

e cmpirical SE obtained from K simulated datasets giving the true”
value observed across the simulations

K
A 1 A
SEempirical(0) = | =—— 0, —0 1
empmcal( ) \K_lk_l( k O) (1)

e relative bias and RMSE: compared to the parameters used for the
simulation

1 -8, 6
RBias(8) = Y ~2— x 100 (2)

B & /A A
A 1 SEr(0) — SE..niria1(0
RBias(SE(8)) = > B () — SEempirical(6)

x 100  (3)
h—1 SEempirical (9)

e coverage rate of the 95% bootstrap CI for each estimated parameter:
probability that CI contains the true value of the parameter

e compare with the asymptotic SE given by the software and obtained
as the inverse of the Fisher information matrix

e g00d bootstrap: defined as a method without bias for parameter es-
timates and their corresponding SE (less than 5%), and ensuring a

good coverage rate of the 95% CI (90% to 100%)

Simulations performed using the saemix library in R [6] and com-
pared to the results obtained with the Rsmlix library using the MIxCon-
nectors API [7].
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Figure 2: Single dose scenario - Top row: Relative bias on the parameters
(left) and their estimation errors (right). Bottom: Coverage rate for the

parameiters.

e parameter estimates

— no estimation bias with the asymptotic method

— conditional non-parametric bootstrap underestimates the variabil-
ities ¢z, and @y by about 8%

e SE estimates

— biased estimations of the SE for at least some of the parameters
for all bootstrap

— although absolute differences in SE small in this example

— more bias with conditional non-parametric bootstrap compared
to the non-parametric bootstrap

e coverage rate

— poor coverage rate for @y for all bootstraps

— poor coverage rate for variance and residual error parameters with
conditional non-parametric bootstrap

Method ka vV CL oy oc 0y

CaseBoot 0.015 0.54 0.018 0.014 0.019 0.0070
NPBoot 0.014 0.54 0.017 0.014 0.020 0.0068
cNPBoot 0.014 0.53 0.017 0.013 0.017 0.0067
PBoot 0.014 0.54 0.017 0.015 0.019 0.0072
AsympSE 0.012 0.46 0.016 0.015 0.016 0.0070
Empirical 0.013 0.52 0.017 0.016 0.018 0.0079

Table 2: Bootstrap and asymptotic SE (AsymSE), compared to the
empirical SE.

Steady-state scenario
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Figure 3: Steady state scenario - Top row: Relative bias on the parame-
ters (left) and their estimation errors (right). Bottom: Coverage rate for

the parameters.
e parameter estimates

— biased estimates of k,; and ®y
— worst behaviour for conditional non-parametric bootstrap
— similar figures when correction for flip-flop

e SE estimates

— best performance for case bootstrap with only a 6% bias on SE(V)

— good performance for asymptotic method except for the underes-
timation of SE on @y

— again more bias with conditional non-parametric bootstrap com-
pared to the non-parametric bootstrap

e coverage rate

— lowest coverage rate for @y for all bootstraps
— case bootstrap performs best

— poor coverage rate for variance parameters with conditional non-
parametric bootstrap

Conclusion

e Conditional non-parametric bootstrap
—relies on samples from the conditional distribution in the hopes
of correcting for shrinkage in a subject-specific way
— but leads to increased bias on bootstrap estimates of both param-
eters and SE
e Simple evaluation scenario chosen for the simulations

—none of the bootstraps improves over the asymptotic method

— the bias 1n the estimates of the 1nitial parameters, used as a basis
for all bootstraps, 1s not corrected by any bootstrap
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