Design evaluation and optimisation in nonlinear mixed effects
models with the R package PFIM 6.0
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Background and objectives Example of design evaluation of an ODE PKPD model with infusion

: : : : R script ipti
o Nonlinear mixed-effects models (NLMEMs) are widely used in P Description of the study
model-based drug development to analyze longitudinal data. For # Define the model equations Model and data
C .. : : : : : : de ions = 1 . :
optimizing the design of longitudinal studies in pharmacometrics, nodeltquations = Tst( Taken from a PKPD population study on a non-steroidal molecule [13]
. . . . . . outcomes = list( "RespPK" = "Cc",
the use of the Fisher information matrix (FIM) is a good alternative "RespPD" = "E" 3, Adrministrati
. . . . . . . ministration
to time-consuming clinical trial simulations equations = Tist( "Deriv_Cc" = "dose_RespPK/Vika*exp(-ka*t) - C1/VsCc”,
perivET T R G mea CeTgame) (T roamma = TS0 gama)) TKontTE ) ) Single doses of 0.2, 0.64, 2, 6.24, 11.24, or 20mg were given respectivel
« PFIM 4.0 was released in 2014 [1] and is one of the tools # Define the model parameters ° P 5 WETE B heCIVEN
to 6 groups, each of which contained 6 rats, following a parallel design
- l imi l I delP t = Tlist(
developed for FIM-based evaluation and/or optimization of designs " Modelaraneter( name = "V",  distribution - Logormal( mu = 0.74, omega = 0.316 ) ), -
: ' Mode1P ter( = "C1", distribution = LogNormal( mu = 0.28, = 0.456 ) ),
in NLMEM s. The next version PFIM 5.0 was an R package releasead Mode1Parameter( name - "ka".  distribution — LogNormal( mu — 10, omega = 0.0 ), FixedMu = TRUE ), valuation
th CRAN ModelParameter( name = "kout", distribution = LogNormal( mu = 6.14, omega = 0.947 ) ), . ]
on e . ModelParameter( name = "Rin", distribution = LogNormal( mu = 614, omega = 0 ), fixedMu = TRUE ), Blood samplmg and drug response evaluation were conducted at 15, 30,
ModelParameter( name = "Imax", d1:str1:but1:on = LogNormal( mu = 0.76, omega = 0.439 ) ), d A5 ] d t 11 25 15 2 3 d 4 h ft d .. t t.
» The R package PFIM 6.0 is the new version of PFIM, that provides oderar mererC name < “oannab iacribation - LoNormal( mi < 2,77, omess = 17013 3 AN TOMI ANGISE & 52, 52y 4, 2 STETOHT STET SEINEHEron
powerful tools to perform FIM evaluation and design optimization # Define the error model Results for design evaluation
Under giVen deSign ConStraintS in NLMEMS errorModelRespPK = Proportional( outcome = "RespPK", sigmaSlope = 0.21 )
errorModelRespPD = Constant( outcome = TRespPbT, sigmalnter = 9.6 ) Determinant, condition numbers and D-criterion of the FIM
 Save the date: PFIM 6.0 will be submitted on the Comprehensive modelError = Tist( errorModelRespPK, —errorModelRespPD )
R ArChive the 31/07/2023 # Define the administration parameters 2.868601e+22 3826 572 17005.66 40.19021
1AdministrationRespPK = Administration( out = "RespPK", timeDose = c( 0 ), dose = c( 0.2 ) ) .
https://cran.r-project.org/web/packages/PFIM/index.html Arm2AdministrationRespPK — Administration( outcome - "RespPK”. timeDose — c( 0 ). dose — c( 0.64 ) ) Plots of the evolution of the PK response and PD response for the arm « 20mg Arm »
arm3AdministrationRespPK = Administration( outcome = "RespPK", timeDose = c( 0 ), dose = c( 2 ) ) . 8 = 8 =& s °>o™ go tmes 8 8
arm4AdministrationRespPK = Administration( outcome = "RespPK", timeDose = c( 0 ), dose = c( 6.24 ) ) 24- ‘ = . ' : '
arm5AdministrationRespPK = Administration( outcome = "RespPK", timeDose = c( 0 ), dose = c( 11.24 ) )
armb6AdministrationRespPK = Administration( outcome = "RespPK", timeDose = c( 0 ), dose = c( 20 ) ) -
The R paCkage PFI M 6.0 # Define the sampling times %i
MEthOdS samplingTimesRespPK = SamplingTimes( outcome = "RespPK", *
samplings = c( 0.25, 0.5, 0.75, 1, 1.25, 1.5, 2, 3, 4 ) ) 2]
o The package PFIM 6.0 was entirely rewritten, keeping the formal samplingTimesRespPD = SamplingTimes( outcome = "RespPD",
object Oriented System S4 [2] samplings = c( 0.25, 0.5, 0.75, 1, 1.25, 1.5, 2, 3, 4 ) ) Des‘g“:Mlze:‘:i”ngn:;":m’"g“m
# Define the arms —_—— . ;

RespPD (DI%)

« The object-oriented system S4 defines objects having clear object- arml = Arm( name = "0.2mg Arn", size = 6, " \
. . . e . . administrations = 1list( armlAdministrationRespPK ) , F e
oriented programming characteristics including class and samplingTimes = Tist( samplingTimesRespPK, samplingTimesRespPD ), - \_//
... . . . initialCondition = Tist( "Cc" = 0, "E" = 100 ) ) =
argument definitions, inheritance, as well as argument checking, .

arm2 = Arm( name = "0.64mg Arm", size = 6,
. R . . : : : dministrations = 1ist( arm2AdministrationRespPK ) , | | \ - |
instantiation and implementation mThe user can write his entire amplingTines = 1ist( samplingTinesRespPK, sanplingTinesRespPd ), T
project with the easiest possible R scripts initialCondition = Tist( 7Cch =0, TET = 100D )
arm3 = Arm( gzmgln:s:ig%iﬁr:z"l 'TEE;aEr;BAdministrationRespPK ) Plot of the evolution of the sensitivity function with respect to the parameter Cl for the PK response
NOtabIe features samplingTimes = list( samplingTimesRespPK, samp]ing'i’imesRespPD ), for the arm « 20mg Arm »
initialCondition = Tist( "Cc" = 0, "E" = 100 ) ) e )
o Individual, Population and Bayesian Fisher Information Matrix armé = Arm( name = "6.24mg Arm", size = 6, ° ‘"
administrations = list( arm4AdministrationRespPK ) ,
. . 1ingTi = 11 1ingTi R PK, TingTi R PD ),
« User-defined models (analytic and ODE) for one or several nitiaCondi tion © 19stC MCen 0y nEn s dog yy e
r‘esponses arm5 = Arm( name = "11.24mg Arm", size = 6, |
administrations = list( arm5AdministrationRespPK ) ,
. . . §an_1p1_1'ngT1'me_:s_= 11'st§ same]ingTimesl}els:pPK, samplingTimesRespPD ), = - il i ., i
o Library of PK, PD and PKPD models: the PK library includes initialCondition = Tist( "Cc" = 0, "E" =100 ) )
different administration (bolus, infusion and oral - first order A strations — 13ec¢ armtAdministrationRespPk ) | Plot of the RSE
. . . . . . . 11 i = 11 11 i , 14 i ,
absorption), linear and Michaelis-Menten elimination, 1- and 2- o aConts tion 1S sse e ng TTpesiEaPTe, gayp TnaTmesResprD )
compartment models. The PD library contains direct and indirect, # Set the design design1: PopulationFim
linear and nonlinear models. The PK/PD models are obtained by designl = Design( name = "designl", arms = Tist( arml, arm2, arm3, arm4, arms, armé ) ) = RSE o° RSE o
combining the models from the PK and PD libraries. PFIM 5.0 also # Evaluate the population Fim and display the results v
Offers the pOSS|b|I|ty to extend mOde|S from the |ibra ry evaluationFIM = Evaluation( name = "PKPD_ODE_multi_doses_populationFIM", I
modelEquations = modelEquations, 5
. . . . . modelParameters = modelParameters, S
« Parameters with different distributions (normal and lognormal) modelError = modelError, =
outcomes = list( "RespPK" = "Cc", "RespPD" = "E" ), - . . ] . - e
. designs = Tist( designl ), 0- . . . . . . .
New features in PFIM 5.0 and PFIM 6.0 Fim - "population”, : L L L s L. L o &
odeSolverParameters = 1list( atol = le-8, rtol = le-8 ) ) 0 = S g é > 0 £ 4 g § > ':'%1 a
o . . : : : . . > 5 A4
* Eased definition of multiple administrations with different routes evaluationFIM = run( evaluationFIM ) 5 3
(oral, IV bolus, IV infusion) and at different doses show( evaluationFIM ) Parameter

Report( evaluationFIM, outputPath = « .. », outputFile = « .. » )

* PKPD and PKPKPD models in analytic and ODE form

* A data summary for design evaluation and optimization. The
standard data visualization package ggplot2 is used to display the

Example of desigh optimization of an ODE PK model with sampling constraints

results in clear graphical form (sensitivity graphs, responses over R script Description of the study
time and optimal design, SE and RSE obtained with the evaluated # Define the model equations Vodel and data
or the optimised design) The package rmarkdown is used to turn nodelEquations = Tist(
: . . : _ Taken from a PK population study of the active metabolite of Remdesivir [14]
all the results into high quality reports that can be easily shared outcomes = Tist( "RespPK" ),
vr e . equations = list( duringInfusion = Tlist( "RespPK" = "dose_RespPK/Tinf_RespPK/Cl * (1 - exp(-Cl/V * t))" ), H :
* Possibility to get and use the FIM based results after design sfterinfusion = 1H5t( "RespPK" = "dose RespP/Tinf RespPK/Cl » (1 - exp(CI/V =+ " Administration
. . . . Tinf_RespPK * (exp(-Cl/V * (t - Tinf_RespPK " . . . .
evaluation or optimization  Define the mode] sarameten One hundred and fifty (150) subjects receive a 400mg loading dose on
S . . _ i the first day, followed by 4 daily doses of 200mg. Blood samples are
o . - delp = 1ist( : :
Opt|m|Zat|0n algorlthms' the Slmplex algorlthm (Nelder Mead) [3]' moMgde?;zr::l;gEZr( n;r?lz = "V", distribution = LogNormal( mu = 50, omega = sqrt( 0.26 ) ) ) , taken at the end Of the 15t meS|On (Hl), HZOI H44 and H120
PGBO (POpUIatiOn Genetic Based Optlmlzatlon) [4]’ PSO (Particle Mode1Parameter( name = "C1", distribution = LogNormal( mu = 5, omega = sqrt( 0.34 ) ) ) )
C e T : Optimization
Swarm Optimization) [5], Fedorov-Wynn [6], Multiplicative # Define the error model P
algorithm [7,8] T e erroeespoareons = TRespPIC, sTgmalnter = 0.5, signasiope = sqre( 0-15 ) ) 4 sampling times on intervals [1,48] and [72,120] using PSO (Particle

Swarm Optimization) algorithm with a minimal sampling interval of 5h.

# Define the administration

* Possibility to optimize both the doses and the measurement times

. T . . dministrationRespPK = Administration( out = "RespPK", Tinf = c(1, 1, 1, 1, 1), I imi I
(e.g. by using the Multiplicative algorithm) RS TTER eI T STIATION, OUECone = e imeDase = <( 0, 24, 48, 72, 96 ), Results for design optimization

dose = c( 400, 200, 200, 200, 200 ) )

. # Define th Ting ti i H

* Developer documentation on all the methods and classes STIne TR SHPTIRG e Initial design

. samplingTimesRespPK = SamplingTimes( outcome = "RespPK", samplings = c( 1, 20, 44, 120 ) ) . L . .

implemented _ S _ _ Determinant, condition numbers and D-criterion of the FIM

# Define the administration and sampling constraints
° User_friendly Vignettes to demo Of the package's ca pa bllltles administrationConstraintsRespPK = AdministrationConstraints( outcome = "RespPK", doses = c( 100 ) ) — J 108983650 :n:?::n e 1 2817 e w5 01025
. samplingConstraintsRespPK = SamplingTimeConstraints( outcome = "RespPK", O t. I d .

Main changes versus PFIM 5.0 samplings = c(1, 20, 44, 120 ), ptimal design

samplingsWindows = 1list( c( 1, 48),c( 72,120 ) ),
berOfTi ByWind = c(2,2), . - . .
e Provide the easiest possible scripts to use for design evaluation minsampling - 5 Determinant, condition numbers and D-criterion of the FIM

# Define the arm and the design

and O timization Determinant Condition numbers D-criterion
p arml = Arm( name = "BrasTestl", 214400764558 77.13688 7.193726 77.36379
size = 150,
H : : administrations = 1list( administrationRespPK ), ing ti
* Facilitate the modularity with the next features T I e Reeopk ) . Sampling fimes . 5
administrationsConstraints = list( administrationConstraintsRespPK ), = = = &
: : samplingTimesConstraints = Tist( samplingConstraintsRespPK : '
* Improve the code performances for design evaluation and Pingt 1 1st( sampling 1 SR 5 T
G_
. . . designl = Design( name = "designl", arms = Tist( arml ), numberOfArms = 150 ) e
optlmlzatlon. E i
# Define and run the design optimization and display the results E; 3-
. o -
Pe rSpeCtlveS optimization = Optimization( name = "PK_ODE_multi_doses_populationFIM", i [1]
mode]lEquations = modelEquations, 0 0 20 30 40 50 60 70 80 90 100 110 120

modelParameters = modelParameters,

* Covariates and Wald test power predictions [9] modelError = modelError, DMT{; {hA; et
) optimizer = "PSOATgorithm®, . . Plot of the RSE
* Alternative methods to evaluate the FIM (e.g. MC/AGQ [10]) for optimizerParaneters = 11t maxteration = 100 prpuationsize = 20, e
discrete response models and robust design optimization T rcarningCoelisient = 2.05,
accounting for model and/or parameter uncertainty [11,12] tn o oapulationr O
outcomes = list( "RespPK" ) ) 3 50-
* Increase the interoperability of PFIM and the library of PKPD model optimizationPSO = run( optimization ) I l I I I I
with estimation parameter softwares show( optimizationPs0 ) Ts 5
° A GUI VerSion Of the package PFIM 60 Report(optimizationPSO, outputPath = « .. », outputFile = « .. » ) - é' é
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