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Objective: assess the operational characteristics of saemix in terms of performance and scalability, using simulated data.

Introduction

• Stochastic Approximation Expectation Maximization (SAEM) algo-

rithm

– stochastic approximation version of the EM algorithm

– quick and efficient convergence to the maximum likelihood estima-

tors (MLE) [1]

– increasingly widespread use over the last few years

• Implementation in MONOLIX [2], NONMEM and Matlab (statistical

toolbox)

• R [3], a general statistical software

– many packages for statistical analyses, including parameter estima-

tion in linear and nonlinear mixed models (nlme, lmer, ...)

– used by many modellers to handle data, prepare runs and evaluate

results

– flexible programming language including object-oriented concepts

Methods

Statistical models

Model for observation yi j

yi j = f (ψi,xi j)+g(ψi,γ,xi j)εi j

• subject i (i = 1, ...N), with ni observations yi = {yi1, ...,yini
} at times

ti j, and covariates zi

• f : structural model (analytical expression, see example)

• g = g(a,b,c): residual error model (one of: constant, proportional,

combined, exponential) with parameters γ = {a,b,c}

• individual parameters ψi

– modelled parametrically as a function ψi = h(φi,zi) = h(µ(zi),ηi) of

fixed effects µ and random effects ηi (η ∼ N (0,Ω))

– in saemix, h can be the identity function (normal distribution for ψ),

the exponential function (log-normal distribution for ψ), or the logit

or probit transformations

The SAEM algorithm

The SAEM algorithm computes the MLE of the unknown set of pa-

rameters θ = (µ,Ω,γ), by maximizing the likelihood of the observations

ℓ(y;θ). Given an initial estimate θ0, at iteration k:

• Simulation-step: draw ψ(k) from the conditional distribution p(·|y;θk)

• Stochastic approximation: update the conditional expectation Qk(θ)

of the complete likelihood p(y,ψ(k);θ) according to

Qk(θ) = Qk−1(θ)+ γk(log p(y,ψ(k);θ)−Qk−1(θ)) (1)

where (γk) is a decreasing sequence of positive numbers with γ1 = 1.

• Maximization-step: update θk according to

θk+1 = Argmax
θ

Qk(θ).

Evaluation and comparison of saemix

Objective Evaluate saemix using a simulation study performed by Plan

et al. [4] to compare different estimation software

Models:

• structural model: Emax model

• IIV: exponential model, correlation between Emax and EC50 (ρ = 0.5)

• residual error model: additive

Parameter Value Parameter Value

E0 (-) 5 ω2
E0

0.09

Emax (-) 30 ω2
Emax

0.49

EC50 (mg) 500 ω2
EC50

0.49

σ (-) 2

Table 1: Parameter values used in the simulation.

Simulated datasets [4]:

• for each scenario, 100 simulated datasets with N=100 subjects

• two designs:

– rich (R1A): 4 doses (0, 100, 300, 1000)

– sparse (S1A): random selection of 2 doses per subject

Evaluation of saemix:

• bias and RMSE: compared to the parameters used for the simulation

• settings: 5 chains, K1=300, K2=150; real parameters used as CI

• comparison to the results obtained by nlme [5] and nlmer [6] (FOCE

algorithm)

Sample saemix run

Input - data

Data for the first dataset read from disk, used to create a saemix data

object through the saemixData function, and plotted:

dat<-saemixData(name.data="mc-sim-1-1.dat",

header=T,name.group="ID",

name.predictors="DOSE",

name.response="DV"),

units=list(x="mg",y="% response"))

plot(saemix.data)
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Figure 1: Typical simulated data.

Input - Model

Define the model function and create saemix model object through the

saemixModel function:

modelemax<-function(psi,id,xidep) {

dose<-xidep[,1]

e0<-psi[id,1]

emax<-psi[id,2]

e50<-psi[id,3]

f<-e0+emax*dose/(e50+dose)

return(f)

}

omega.init<-matrix(c(0.09,0,0,0,0.49,0.245,0,0.245,0.49),ncol=3,byrow=T)

emax.model<-saemixModel(model=modelemax,description="Emax model",

psi0=matrix(c(5,30,500,0,0,0), ncol=3,byrow=T,

dimnames=list(NULL,c("E0","Emax","EC50"))),transform.par=c(1,1,1),

covariance.model=matrix(c(1,0,0,0,1,1,0,1,1),ncol=3,byrow=T),

omega.init=omega.init)

Parameter estimation

saemix.options<-list(directory="output",seed=12345,nchains=5,

nbiter.saemix=c(300,150))

saemix.fit<-saemix(emax.model,dat,saemix.options)

saemix.fit<-llgq.saemix(saemix.fit)

Parameter Population estimate IIV Variance

(SE%) (SE%)

E0 (%) 5.0 (5%) 0.09 (36%)

Emax (%) 27.8 (9%) 0.60 (16%)

EC50 (mg) 522.9 (12%) 0.69 (24%)

a (mg.L−1) 2.1 (6%) -

Table 2: Parameters estimated by saemix for the simulated data (first

dataset in scenario with rich sampling).
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Figure 2: Individual plots for 4 subjects.

Results

Good parameter estimates for saemix

• fixed effects: less than 1% bias and RMSE around 5-10%

• variances: less than 5% bias and RMSE ranging from 20 to 40%
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Figure 3: Estimation bias over 100 datasets with rich sampling.
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Figure 4: Estimation bias over 100 datasets with sparse sampling.

• estimation problems with nlme and nlmer

– low convergence rate, problems obtaining standard errors

– performance of nlme still poor when altering initial estimates

– even lower convergence rates with the scenarios in [4] simulated

with sigmoidicity

• performances comparable to the results reported in [4] for several al-

gorithms

Operational characteristics

Objective evaluate the scalability of the algorithm through 2 simulations

• effet of dataset size

– using the previous Emax model

– varying number of subjects (30, 100, 200, 500) and samples per sub-

ject (3, 6, 12)

• effect of model complexity

– three models with one, two and three exponential terms (respectively

2, 4 and 6 parameters)

– settings: 100 subjects and 6 sample times (optimised by the PFIM

software ([7]) to ensure reasonable identifiability of the most com-

plex model)

Runtimes for the fit of 100 datasets generated for each setting, collected

through the Rprof() function in R.
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Figure 5: Evolution of runtimes (in seconds, on a personal laptop) with

the number of subjects, the number of samples, and model complexity.

Scaling results:

• generation of random effects at each iteration: depends on number of

subjects and model complexity

• computation of model predictions: depends mostly on number of sam-

ples (and model complexity)

• note: adjustment of the algorithm with more chains when less than 50

subjects in the dataset

Profiling results to be used to identify computational bottleneck in further

developments of saemix.

Conclusion

• saemix package for R [8]

– implementation of the SAEM algorithm for parameter estimation in

nonlinear mixed effect models

– good performance (also adequate type I error for both LRT (with LL

computed by importance sampling) and Wald test [9])

– available on the CRAN

• S4 class system of R: user-friendly input and output system

– generic methods such as plot(), summary(), ...

– extensive diagnostic graphs

• under active development

– hidden Markov models [10]

– statistical criteria [11]

– model diagnostics [12] and improved plots with ggplot2

– covariates and model selection [13]
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