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Objective: to implement the SAEM algorithmi] in the statistical softwar® [2].

e Stochastic Approximation Expectation Maximization (SAEMgo-

rithm

—stochastic approximation version of the EM algorithm

—quick and efficient convergence to the maximum likelihootihes-
tors (MLE) [3]

—increasingly widespread use over the last few years

Implementation inMONOLIX, NONMEM 7 and Matlab (statistical

toolbox)

R [2], a general statistical software

—many packages for statistical analyses, including paramestima-
tion in linear and nonlinear mixed modetlsre, Imer, ...)

—used by many modellers to handle data, prepare runs andaévalu
results

—flexible programming language including object-orientedaepts

Statistical models
Model for observationy;;

Yij = F(W,%) + (Wi, Vs %) iy
e subjecti (i = 1,...N), with n; observations/; = {yi1,....yin,} at times
tij, and covariates;
o f: structural model (analytical expression, see example)
eg=g(a,b,c): residual error model (one of: constant, proportional,
combined, exponential) with parametgrs {a,b,c}
e individual parameterg
—modelled parametrically as a functign= h(q.z) = h(u(z),n;) of
fixed effectsuand random effects; (n ~ A((0,Q))
—in SAEMIX, h can be the identity function (normal distribution for

), the exponential function (log-normal distribution f@y, or the
logit or probit transformations

The SAEM algorithm

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

rameters = (1, Q,y), by maximizing the likelihood of the observations
{(y;0). Given an initial estimat8, at iterationk:

« Simulation-stepdraw ) from the conditional distributiom(-|y; 8x)
o Stochastic approximatiorupdate the conditional expectatiQq(8) of
the complete likelihoogh(y, $¥; 8) according to
Qu(6) = Qx-1(8) +k(log p(y, y™;8) — Qc1(8)) 1)
where(yy) is a decreasing sequence of positive numbers yyith 1.

e Maximization-stepupdatedy according to

B =Arg meaka(B).

Using SAEMIX - a PK example

Input - Data

Dataset from 12 subjects given a single oral dose of thetipaylised
as an illustration:

e 11 blood samples over a period of 25 hours (data at t=0 wagezit
from the dataset for all patients): nominal times 15 and 30, hj 2,
4,5,7,9,12,24h

e one-compartment model with first-order absorption, patarsed as
Ka, V, CL

e variability models: 11V modelled using an exponential mbaéh di-
agonal variance-covariance matrix, residual variabititydelled with
a combined error model

o covariate model: weight on CL
Dataset available in the librarythgo.saemix), used to create
SAEMIX data object through theaemixData function:

dat a(t heo. saenmi x)

dat a( t heo. saenmi x)

saeni x. dat a<- saeni xDat a( nane. dat a="t heo. saemi x", header =TRUE, sep=" ",
na=NA, nane. group=c("1d"), name. predi ct or s=c( " Dose", " Ti me"),

nanme. response=c(" Concentration"), nane. covari at es=c(" Vi ght ", " Sex") ,
uni ts=list(x="hr",y="ng/L", covariates=c("kg","-")), name.X="Time")
Input - Model

Define the model function and create SAEMIX model object tigio
the saemixModel function:

nodel 1cpt <-function(psi,id, xidep) {
dose<-xi dep[, 1] ; ti me-xi dep[, 2]
ka<-psi[id, 1];V<-psi[id,2];CL<-psi[id,3]
k<-QLIV
ypred<-dose*ka/ (V*(ka-k))*(exp(-k*tim-exp(-ka*tim)
return(ypred)

}

saeni x. nodel <- saeni x\bdel (nodel =nodel 1cpt,

descri ption="0ne-conpartnent nodel with first-order absorption”,
psiO=matrix(c(1.,20,0.50.1,0,-0.01), ncol =3, byr ow=TRUE,

di manes=l i st (NULL, ¢("ka","V","CL"))),

covari ate. nodel =matrix(c(0,0,1,0,0,0),ncol =3, byr ow=TRUE) )

Parameter estimation

saeni x. options<-|i st((seed=632545, nb. chai ns=5, nbi t er. saeni x=c(300, 150))
saenmi x. fi t <-saemi x(saeni x. nodel , saeni x. dat a, saemi x. opt i ons)

Output - Fit results

:

Figure 1: Convergence plots.

Parameter Population estimate 11V Variance
(SE%) (SE%)

ke (1Y) 1.57 (19%) 0.39 (45%)
CL(LhrY)  158(64%)  0.07 (49%)
BewcL () 0.008 (110%) p

V(L) 31.5 (4%)

a(mg.L?) 0.74 (6%)

Table 1: Pharmacokinetic parameters estimated ®xEMIX for the
theophylline data.

0.02 (59%)

Output - Graphs
e Data
e Basic diagnostic plots
—observations versus predictions
—distribution of random effects
—random effects and/or parameters versus covariates
—individual fits

Subject 1 Subject 2

Time ) Tine ()

Subject 3 Subject 4

Tome ) Tine )

Figure 2: Individual plots for 4 subjects, log-scale.
o Simulation-based diagnostics
—prediction discrepancies (pd), normalised predictiotrithistion er-
rors (npde)
« residuals versus time and predictions
« histograms and QQ-plots of the distributions
—-VPC

Figure 3: VPC plot for the theophylline data.

e A number of plots saved in output directory by default
—additional options to customise plots (title, labels, cof ...)

e example of code to obtain a VPC plot:

plot(saenix.fit,plot.type="vpc")

Simulation study

Methods
Same design as the simulation study performed by Plan & &b §om-
pare different estimation software:
* Models
—structural model: sigmoid fx
—I1IV: exponential model, no IV ory, correlation between fy and
ECso (p=0.5)
—residual error model: additive

Parameter Value Parameter ~ Value

o (-) 5 o, 0.09
Emax(-) 30 O, 0.49
EGo(mg) 500  wfg, 0.49
YO 2 cov(Eo. Enad) 0.245

o () 2
Table 2: Parameter values used in the simulation.

e Design
—100 subjects simulated, 4 doses (0, 100, 300, 1000)
—added a binary covariate (treatment) randomly assignedu®j@cts
in each group)
 Evaluation
—K=100 datasets simulated
—bias and RMSE: compared to the parameters used for the siamula
—type | error for a covariate model
+ simulation under l={no covariate effegt estimation under kor
Hi={treatment effect on E4g}
«+ likelihood ratio test comparing the log-likelihood for banodels
+ Wald test using the results from a model with the covariate
—settings: 5 chains, number of iterationg#400 and k=500
e Comparison to the results obtainedrye [5] (FOCE algorithm)

Results

Fixed parameters, SAEMIX Variance parameters
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Figure 4: Relative estimation errors for the fixed effects (left) dmeivari-
ance components (right) fAEMIX (top, K=100) andnime (bottom,
K=45).
Performances similar to the results reporteddin [
e 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%
o estimation problems withime
—low convergence rate, problems obtaining standard errors
—performance ofiime remains poor when altering initial estimates

Type | error for covariate inclusion

Test SAEMIX nime

LRT 0.07 [0.03-0.14] 0.21 [0.09-0.36] (K=39)

Wald 0.08[0.03-0.15] 0.28 [0.15-0.44] (K=43)
Table 3: Estimate ([CI]) of type | error rate under the null hypothe-
sis. For SAEMIX, the LRT was performed using the estimate of LL
obtained by importance sampling, and was computed over B=siiu-
lated datasets. Fomnlime, the number for each test is reported.

Good performance for SAEMIX compared withme:
e adequate type | error for both tests
o for LRT, type | error based on linearised LL is p=0.22 (closeline)

Conclusion

The SAEMIX package foR implements the SAEM algorithm for pa-
rameter estimation in nonlinear mixed effect models. Tigerhm has
good performance .

It will be available on the CRAN shortly (installation as aother R
package through the GUI or in command line).

It uses the S4 class system Rfto provide a user-friendly input and
output system.
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