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Introduction

Background

* Nonlinear mixed effect models are increasingly used for the analysis of longitudinal studies in drug development. Using the Fisher Information Matrix (FIM) to optimize the
design of these studies is an efficient alternative to clinical trial simulation

* PFIM 4.0is a R program devoted to the design evaluation and optimisation [1]

 S4is an object-oriented programming language which can offer several advantages compared to the traditional programming [2]

Objectives

* To increase the clarity of the different defined elements in PFIM

* To increase the modularity of PFIM, resulting in simplifying the use (manipulation of the different elements) and in facilitating implementation of new functions

The new PFIM

Methods .
. . , _ Model & Desigh &
e AsinPFIM 4.0., the model and its parameter values should be given to evaluate the FIM for a given Parameters Constraints

design, or to optimise the design (Figure 1) “..__ Design evaluation/ -

* The FIM is evaluated by first order linearisation of the model [3] “-.optimisation.~

~
~

* Following an object-oriented approach, PFIM is implemented in R 54 language. The new PFIM can be FIM

represented as a class diagram, with PFIM as a central main object (Figure 2) @ecte@
Implemented features (New features)
* Model

* Analytic and Ordinary Differential Equation (ODE) form with one or several responses (e.g. PKPD model)

Figure 1: FIM-based optimal design

* Error models: Constant, Proportional, Combined g PFIM
 Model parameters: possible different distributions (normal and log-normal) in the same project Design 1nl
 Design evaluation: Expected standard errors of parameters, FIM determinant, eigenvalues FI’M StatisticalModel
e Design optimisation given constraints: Multiplicative algorithm [4], with possibility to optimise both : . ‘
sampling times and doses based on D-criterion BayesianFim | | PopulationFim ‘ l
PEIM use 1:n‘lndividuaIFim _ Response ModelEquations
* The following objects have to be defined in a PFIM project: Arm AnalytiCMOdellzl, ODEModel |
e The project name Ln § T ErrorModel Modelli;arameters
e  The model ArmConstraints Sampling | | Administration 1:1‘1
Equations of each compartment/response Optimization Distribution
« Parameters: fixed effects (mu), standard deviation of random effects (omega) and distribution ¢ | T 1 I | 1
Multiplicative FedorovWynn Simplex Normal LogNormal
* FIM computation & design evaluation/optimisation are performed Figure 2: New PFIM simplified class diagram P —
 Results can be presented in a summary T Compostien

* All the elements (model, design and results) can be saved/reloaded/manipulated in R.

Example of design evaluation for a PKPD model with the new PFIM

#H# i . ° °
O * Example description Table 1: Model parameters
e aete the oot ode] | Parameter | p | w |distributon| o |
del =- isticalModel . . .
redel < opsstarisEcaladelO * PKPD Model written as ODE (Parameters are given in Table 1) pramamm 16 T | g :
### Create a list of model equations Vv (L) 3 014 |ogn0rma|
MyModelEquations <- ModeloDEquations( 'I'iSt(“"Resp%”_= EHPFESSl'iDn( gl ) , o . .
Resp2" = expression( g2 ), MOI’]OCOmpa rt|menta| PK cl (Lh'l) 0.13 0.24 Iognormal
list( "Deriv_gl" = expression( 100%ka/v * exp(-ka®t) - cl/v = gl ) ,
"Deriv_g2" = expression{ Rin ®* (1-(1*(ql))/((gl)+C50))-kout®q2) )) ® Tu rnover/fun Imax PKPD 54 0.45 |Ogn0rma|
kout (h) 0.06 0.14 lognormal
#84 i h i h del 1 1 )
MWDJ;Z?-IET Eeg'iﬁghﬂggggauzg'izng(m;}ﬂﬁodﬂ, MyModelEquations ) * DeSIgn 50 (mg'L ) 1.2 0.1 Iognormal 0.6
### pefine th iables of the ode model - -
‘-’Q; ?:f ;EEEEVEF;;:E:E Ea]; gt S * N_32 0.sloePK B B } 0.07
vQ2 <- Modelvariable( "g
. . 4
MyModel <- definevariable( MyModel, val )  Oral administration, dose = 100 mg Ctod off
MyModel =- definevariable( MyModel, wQ2 ) M TIXed e ect
### set fixed effects (mu), standard deviation of random effects (omega) and distribution of each parameter ° 12 PK Samples from 0 5 to 120 hr 8 PD Samples from 0 to 144 hr w: standard deviation of random effect
pka =- Modelparameter( "ka", mu = 1.6, ‘ ’

omega = sqrt( 0.7 ), o: standard deviation of the residual error

distribution = LogNormalbistribution() ) o . . . .
» * The complete R script is given in Figure 3
pv <- ModelParameter( "v", mu = 8,
omega = sqrt( 0.02 ),
distribution = LogNormalDistribution() )

pCl <=- ModelParameter( "C1", mu = 0.13,
omega = sqrt( 0.06 ),
distribution = LogNormalDistribution() J e R R R R R e e e e e e e e e EXFECTED STAMDARD ERRORS =rwwmmmmmsmsmssmsms
PRIN <~ Modelparameter 50;2;2“; ;‘:r:f&fi ., Expected standard errors | memmmmmmmm Fixed Effects Parameters ---—-——--—-—————————-
distribution = LogNormalpistribution() ) #aw® fiwed effects
. . value se rse(%) Beta stderror RSE
S T RS T RS u_ka  1.60 0.245399629 15.337477 ka 1.60 0.245399645 15.337478 %
distribution = LogNor!'ma'I Distribution(} ) VERY .00 0.219676219 2.745953 W 8.00 0.219676207 2.745953 %
o ) T 0.13 0.005970197 4.592460 Cl 0.13 0.005970198 4.592460 %
RS RSl e BT L D M_Rin  5.40 0.448031367 B8.296877 Rin 5.40 0.448031346 8.296877 %
distribution = LogNormalpistribution() ) p_kout 0.06 0.002019822 3.366370 kout 0.06 0.002019822 3.366369 %
H_C30 1.20 0.044647680 3.720640 C50 1.20 0.044647086 3.720041 %
### Assign the parameters to the statistical model
S e “w= variance of random effects
MyModel <- def‘inEParamEterE Myru'lode'l: pcl ) value se rse(%) | ———mmmmmmmmmmmmmm - variance of Inter-subject Random Effects -
Lo oka  0.70 0187321551 26.76022
o < defnerarameter  iodel , pC30 ) &1 0,06 0010098758 26, 83126 ka  "T0.70 0.187321581 26.76023 %
### Eran rrl:lgj? (standard desi$tinr1s} ) S o e : o m’ZR‘iﬂ 0.20 0.053003777 26.50189 W 0.02 0.005953426 29.76713 %
myModel =- addresponse( mMymodel, Response( "Respl”, cCombinedl( sigma_inter = 0.8, sigma_slope = 0. 2 - rd
MyModel =- addResponse( MyModel, Response( "Resp2”, Constant( sigma_inter = 4 ) ) ) $=—Eggt g gi g gggi?gggg 1‘&?2%;; (H':.:llr'l g gg g gégggg;fg gg ggigé i
### Assign the model to the project B kout 0.02 0.00849%96461 42.48231 %
MyFroject =- definestatisticalModel( MyProject, MyModel ) #%%% arror model c50 0.01 0.010472234 104.72334 %
### Create a design value se rse(%)
MyDesign<- Design() o_inter_Respl 0.60 0.08617462 14. 36244
### For each arm create and add the sampling times for each response ﬂ—E.JDpE—RESpl 0.07 0.01256800 17.95428 | -——---------mmmmmmmm e standard deviation of residual error -----—-
arml <- Arm( name="Bras test", arm_size = 32, cond_init=list( "gl"=0, "g2"= expression(Rin/kout) ) ) o_inter_Resp2 4.00 0.22607882 5.65197
ml dd Ti ml 1 1 1 0.5, 1, 2, 6, 9, 12, 24, 36, 48 2, 96, 1200 1 D) 51 gha stderror RSE
ar =- addsampling( arml, SamplingTimes{ outcome = "Respl", sample_time = c(0.5, 1, 2, &, 9, . . . y F2, . , initialTime = : : -
arml =- addSampling( arml, SamplingTimes( outcome = "Resp2"”, sample_time = c(0, 24, 36, 4B, 72, 96, 120, 144), initialTime = 0 ) ) 2::3 ;?Eggi gge ggfgé;ﬁggé ii ggigsg i
### add the arm to the design sig.intere 4.00 0.22607882 5.651971 %
MyDesign =<- addarm( MyDesign, arml )

### Add the design to the project

MyProject <- addbesign( MyProject, Myesign ) Figure 4: Expected standard errors with new PFIM (left) and PFIM 4.0. (right)

### Evaluate the PopulationFIM
MyEvaluationPop =- EwvaluatePopulationFIM({ MyProject )

#s5how the results of the project

shon(ryevatuatforvop) * The expected standard errors of parameters are consistent with those obtained with

showFims (MyEvaluationPop)

showDesigns (MyEvaluationPop) P F I IVI 4 . O ( F i g U re 4)

Figure 3: Example of design evaluation in new PFIM

Perspectives

 To implement features which are in PFIM 4.0.: Fedorov-Wynn and Simplex algorithms for design optimisation, Bayesian FIM to give shrinkage predictions [5], discrete covariates and Wald test power
predictions [6]

 Toimplement new features such as alternative methods to evaluate the FIM (e.g. MC/AGQ, [7]) for discrete response models and robust design optimisation accounting for model and/or parameter
uncertainty [8,9]

 To submit PFIM package to CRAN

 To increase the interoperability of PFIM with estimation parameter softwares, as aimed by the DDMoRe project.
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