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Modeling the PK/PD of hepatitis B
immunoglobulin after hepatitis B induced livi
transplantation by an extended target
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Analysis of individual target lesions for tumo
size models of drug resistance: a new
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PKPD modelling of the relationship between
testosterone and PSA in patients viprostate
cancer during treatment with leuproreliq
What is the optimal testosterone level?
Model-based analysis of the relationship
between pembrolizumab exposure and effici
in patients with melanoma and NSCLC: acr¢
indication comparison
Modeling the emergence of resistes in [ow
grade glioma patients treated with
temozolomide, and simulations using a
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Closing remarks

Audience Input for the PAGE 2016 Program
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Steven KerrConducting clinical trials in challenging
environments

Steven Kern
Gates Foundation

The recent Ebola crisis in West Africa incited an accelerated effort to
bring new therapeutics, diagnostics, and vaccinethéregion in
hopes of mitigating the tremendous lethal impact of the outbreak.
For therapeutics, both new entities that had not been tested in
humans and drugs that had been used or approved for other
indications that showed some experimental impact agaEbola
virus, were accelerated forward for clinical trials.challenge to this
process was estimating effective dogedrial in the unfolding
epidemic with these agents. For the new agents, evaluations in
nonhuman primates provided the best estimdte scaling to
effective human doses based on allometric principles. For

the agents repurposed from other indications, combining human
pharmacokinetic information in other disease populations, with in
vitro assay data an vivo data from experiments inumine models
provided the only guidance for dosing. Pulling together the
appropriate evidence to justify evaluating a compound in the midst
of this crises presented challenges based on the information gaps
that existed. Additionally, conducting a clinieahluation in an
environment where physical case report forms and traditional
means of gathering supportive data for post trial analysis was non
existent creates an extreme situation where making the best
inferences and decisions with limited data mustwcd his is an

area where pharmacometric analysis can provide structured process
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for best estimated effective dose to assess in a trial where likely
only one trial attempt at assessment can be made.
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France MentréEstimating an effective dose for a
repurposed drug to treat Ebola: the case of favipiravir

France Mentré (1), AnnBlarie Taburet (2), Jeremie Guedj (1), Naim
Bouazza (3), Jeaviarc Treluyer (3,4),Xé&r Anglaret (5), Sakoba
Keita (6), Xavier de Lamballerie (7), Pierre Frange (8), Denis Malvy

(5)

(1) INSERM, IAME, UMR 11375818 Paris, France; Univ Paris
Diderot, Sorbonne Paris Cité/5018 Paris, France, (2) Assistance
Publique Hépitaux de Parldppital Bicétre, Univ PafBud; INSERM

U1012; DHU Hepatinov, Kremlin Bicétre, France, (3) Unité de

Recherche Clinique, Assistance Publ@idépitaux de Paris (ARP),

Hépital Tarnier, Paris, France; EA08, Université Paris Descartes,

Sorbonne Paris CitBaris, France, (4) Service de Pharmacologie

clinigue, ARHP, Groupe hospitalier Paris Centre, Hopital Cochin,

Paris, France; GII®01 INSERM, Cochilecker, Paris, France, (5)

UMR 897, INSERM3B076 Bordeaux, France, (6) Ministry of
Health, Guinea, (AYMR_D 190, Aiklarseille Univ, Institut de
Recherche pour le Développement, 3005 Marseille, France, (8)
Laboratoire de Microbiologie, ARP, Hopital Neckey Enfants
malades, Paris, France; EA 7327, Université Paris Descartes,
Sorbonne Paris Cité, Pafisance

Objectives:Although several antivirals demonstrated an effect
against Ebola Virus (EBQV) in vitro or in animal models, none of
them were evaluated in humans with Ebola Virus Disease (EVD)
when the outbreak started. Potential drug candidates ideld
favipiravir [1], a nucleotide analog approved for novel or re
emerging influenza in Japan. Two studies in EBOV infected mice
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showed that the initiation of favipiravir within 6 days of infection
induced a rapid virus clearance, and led to 100% suri2\ail
Moreover favipiravir showed a good safety profile in thousands of
patients worldwide, was immediately available and can be used
orally. The objective of this work was to propose a dosage regimen
of favipiravir in adults and in children for the Jiidl conducted in
Guinea.

Methods: Our approach combined data on favipiravir efficacy
against EBOV in vitro and in vivo with data provided by the
manufacturer on favipiravir pharmacokinetics in uninfected mice
and humans. First we used the dosage reginmesuccessfully

treated mice to estimate plasma favipiravir concentrations to be
targeted in humans. Second we used the pharmacokinetic model
developed by the manufacturer in humans with the parameters
values estimated in US healthy volunteers to evalukisage

regimen that could achieve these targeted concentrations in adults.
Simulations were performed with various loading and maintenance
doses. For children, there was no clinical experience about
favipiravir. Maturation profiles of enzymes (mainly algidh

oxydase) involved in the metabolic pathway of favipiravir are fully
achieved at the age of 12 months [4,5]. Therefore, the same
population PK model was used to predict the disposition in pediatric
patients, over one year, using weighésed allometriscaling [6].

Results:The proposed regimen of favipiravir in adults was a loading
dose of 2400/2400 /1200 mg every eight hours on day 1, and a
maintenance dose of 1200 mg bid afterwards [7]. This dosage
regimen is 50% greater than the one in the Phaseabstof

favipiravir for influenza in US. To limit the chance of relapse in EVD,
we decided to give the treatment for 10 days, which corresponds to
the time needed for an effective antibody response [8]. For children
over on year, a weigkbtand dosing tablevas defined [9].
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ConclusionsModelling was used to define the first dosage regimen
of favipiravir in in adults and children with EVD. Tolerance,
virological and pharmacokinetic data are collected in the JIKI trial
and their analysis will help refiningg¢tdosage regimen.
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Matthias MachacekEstimating an effective dose for a
new drug to treat Ebola with incomplete information:
the case of Zmapp

Matthias Machacek (1), LigrZeitlin (2), Steven Kern (3), Peter Lloyd
(4)
(1) LY&X GmbH, (2) Mapp Biopharmaceutical, (3) Bill & Melinda
Gates Foundation, (4) KinDyn Consulting

ZMapp is an experimental drug for the treatment of Ebola virus
disease (EVD) and is currently beingeésin patients in a phase Il
study. ZMapp is a cocktail of three IgG1 monoclonal antibodies
(mAbs) that are specific to different sites of the viral surface
glycoprotein (GP). The currently tested clinical dose regimen is 50
mg/kg given three times at anterval of three days. The acute
clinical need and the limited stocks of drug material necessitated an
effort to better understand the dose response to see if lower doses
with an equivalent clinical outcome would be feasible.

The available data were frontuslies investigating 50 or 25 mg/kg
ZMapp in an EVD model in rhesus monkeys (NHP). ZMapp was
administered intravenously twice or three times at a thiday
interval. There was no clear difference in the survival rate between
the 50 or 25 mg/kg dose levads between the two or three
administrations. Thus the data were not sufficient to identify the
minimal effective dose.
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In the absence of any PD data that could inform the dose selection,
PK considerations were used to rationalize a dose selection. From a
rat GLP toxicology study in namfected animals a population PK
model was built and scaled to humans using established allometric
scaling parameters for mAbs. PK simulations of different scenarios
showed that the 3x50 mg/kg dosing led to a consecutivesizge in
cmax at each of the administration. In a successful therapy the viral
load will have an inverse trend with the highest load at the first
dose. Thus accumulation of drug would be unnecessary. An
alternative dose regimen was proposed with 50 mg/kday one

and 25 mg/kg at days four and seven. The alternative dose regimen
had the advantage of maintaining a comparable exposure over the
14 days period, critical for the survival of the animals, while saving
1/3 of the drug material meaning that 30% mquatients could be
treated.

The ongoing study in patients with EBV will provide the PK of ZMapp
in infected humans validating the scaling and provide the data if
ZMapp PK is altered through binding to the virus. In addition, a new
NHP study was proposed itovestigate doses of 1 or 10 mg/kg given
once or thee times at days one or days one, four and seven to
identify a minimal effective dosing that can help to support a
lowering of the second and third dose in patients from 50 to 25
mg/kg.
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Scott BerryAn Adaptive Platform Trial for Ebola:
Application to Future Epidemics

Scott Berry
Berry Consultants

In this talk | will present an adaptive platform trial design for ebola.
The trial design combines togethiite innovative trial aspects of
platform trials (master protocols) and adaptive designs. The design
allows multiple agents and their combinations to be studied
simultaneously in a single trial. The trial utilizes adaptive
randomization to efficiently findhe most effective treatments and
combinations for treating ebola. The design allows greatly increased
ability to find the most effective treatments, while simultaneously
treating patients in the trial effectively. The design is prospectively
designed to dd new/subtract agents and combinations seamless as
the science inside and outside the trial evolves.

The trial design can provide a standing framework and trial design

for a possible future pandemawhich can speed up the process of
having incredibly dicient clinical trials immediately at the ready.
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Roberto BizzottcA model of glucose clearance to
improve the description of glucose homeostasis

Roberto Bizatto (1), Andrea Natali (2), Amalia Gastaldelli (3), Elza
Muscelli (2), Attila Brehm (4), Michael Roden (5,6,7), Ele Ferrannini
(2), Andrea Mari (1)
(1) Institute of Biomedical Engineering, National Research Council,
Padova, Italy; (2) Department of InteirMedicine, University of
Pisa School of Medicine, Pisa, Italy; (3) Institute of Clinical
Physiology, National Research Council, Pisa, Italy; (4) Medical
Department, Hanusch Hospital, Vienna, Austria; (5) Department of
Endocrinology and Diabetology, Meali€aculty, Heinrichieine
University, Disseldorf, Germany; (6) Institute for Clinical
Diabetology, German Diabetes Center, Disseldorf, Germany; (7)
German Center of Diabetes Research, Partner Disseldorf, Germany

Objectives:Glucose homeostasis models hdeen developed as

tools for the clinical development of glucekmvering drugs [1]. The
description of the known dependence of glucose clearance (GCL) on
glycaemia [2] was however not included in these models and never
guantitatively analysed. This works at modelling GCL in a wide
range of clinical settings and individual phenotypes.

Methods: Data were obtained from a threstep hyperglycaemic
clamp (N=8) [3], a twstep euglycaemic hyperinsulinaemic clamp
(N=8) [4], paired oral glucose test (OGTT) eunglycaemic
hyperinsulinaemic clamp in the same volunteers (N=8), a mixed
meal test (N=91) [5], and paired mixetkal test and
hyperinsulinaemic hyperglycaemic clamp in the same volunteers
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(N=8) [6]. The participants involved in the tests had normal or
impaired glucose tolerance or type 2 diabetes. A model (A) was
developed based on a circulatory model of glucose kinetics [3] and a
model for GCL based on basic notions of glucose transport. Glucose
utilization was modelled as a Michaelenten function ofglucose
concentration with constantand insulincontrolled \hax Vinaxwas
expressed as a Hill function of insulin at the site of action.
Population and individual model parameters were estimated on
glucose tracer data with Monolix 4.3.2. A prototypighicose
homeostasis model (B) was then set up by addingcall{7] and an
insulin kinetics [8] submodel. Model B was used to simulate an
OGTT and a constant insulin infusion (310 pmot*mir), including

or excluding the glucose effect on GCL from mdde

ResultsEEstimation of model A parameters provided a good fit of
the data. Individual parameter estimates were similarly distributed
in the different tests. GCL suppression with high glycaemia was in
gualitative agreement with the literature. In thgpical subject,
glucose clearance at an insulin concentration of 500 pmol/l was
reduced from 227 to 148 ml miim2when glucose was raised from
5 to 10 mmol/l. Including vs. excluding the glucose effect on GCL
produced an increase in maximum glucose dyi@GTT of 0.6
mmol/l and a decrease in steady state glycaemia after insulin
infusion of 1.0 mmol/l.

Conclusionslin contrast to classical models that ignore the effects
of glucose on GCL, our model reproduces specific and relevant
features observed with ewomitant hyperinsulinaemia and
hyperglycaemia. This model is expected to improve the
representation of glucose homeostasis, and to produce more
reliable predictions of drug effects.
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Rada Savi@ Longitudinal HbAlc Model Elucidates
Genes Linked to Disease Progression on Metformin
Therapy

Srijib Goswami, Sook Wah Yee, Kathleen M. Giacoraidji M.
Savic
University of California, San Francisco

Objectives Metformin is firstline therapy for Type 2 diabetes, and
is one of the most commonly prescribed drugs worldwitid].
Glycosylated hemoglobin (hbAlc) is the primary surrogate
biomarker fa longterm glycemic control and drug responigg.
There is high variability in both baseline HbAl1c and-teng

HbAlc dynamics over tinj8,6]. Our research aim is to converge
multiple genetic methodologies to identify genes linked to the long
term dynamics of metformin response.

Methods: First, we developed a model for disease progression (DP)
and metformin response using ndimear mixedeffects modeling.

In the second part of the analysis, a genetic model was built using
HyperLasso (HL) and modr®d methodsA total of 7822 HbAlc
measurements from 1056 patients were used to develop the model.
Available PK information was taken into consideration in the model
structure. Interindividual variability (11V) was estimated for baseline
HbAlc,themagnite S 2F YSGOF2N¥AyQa SFFSOG:
Demographic and clinical covariate selection was performed using a
stepwise analysis. For the genetic analysis, variants within 50
kilobases of 267 genes selected from literature were investigated. A
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penalizel regression based approach was used (HL) to select
variants statistically associated with individual parameters
outputted from the mode[7,8]. The top variants from HL were
investigated using a modélsed approach.

Results:A turnover model with a sympmatic metformin effect on

the synthesis rate of HbAlc best characterized the data. In the
model structure, K increase was influenced by the DP parameter in
a nonlinear mannemetformin surrogate drug exposure (steady
state serum creatinine level) wassignificant predictor on the
metformin effect parameter.From the HL step, 16 variants were
linked to DP, of which 11 were intronicwas missense, and 4 were
located within 50 kilobases of the ger@f the prioritized 16

variants from HL, a modélaseal approach subsequently selected 9
significant variants within the model structure that had strong effect
sizes. The top 9 variants accounted for approximately 1/3 of the
entire variability in the DP model parameter. Minor alleles of SNPs
in CSMD1 and SLZ¥2 were most influential on DP.

ConclusionsOverall, our study has successfully integrated model
based approaches with genetic analyses methods to uncover genes
linked to the longterm progression of HbAlc on metformin

therapy. Genetic variants in 2 gesiCSMDlandSLC22A2vere
identified as influencers of DP with a potential for genetic
interaction.
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José David Gémedlantilla Towards Patient
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Disease Lupus Erythematosus using a Systems
Pharmacology approach.
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Cerda(1), Ignacio Gonzaleéarcia(1)(2), Chuanpu Hu(3) , Honghui
Zhou(3) , An Vermeulen(4), Ifaki F. Troconiz(1).
(1) Pharmacometrics & Systems Pharmacology, Department of
Pharmacy and Pharmaceutical Technology, School of Pharmacy,
University of Navarra?amplona 310890, Spain. (2) Pharmacy and
Pharmaceutical Technology Department. University of Valencia.
Valencia, Spain. (3) Model Based Drug Development, Janssen
Research and Development, LLC, Spring House, PA 19477, USA
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Objectives:Systemic lupus erythematosus (SLE) exhibits very
heterogeneous manifestations among patients [1], consequently, all
the patients may not share the same molecular alteration$airt
immune response. Therefore, specific patient subpopulations may
respond differently to the same therapeutic agent. This project aims
to: 1) identify plausible altered pathways of the immune response
that may explain the different and heterogeneouseaditions in SLE
patients, 2) classify patients according to their alterations, and 3)
identify an optimal therapy for each patient subpopulation.
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Methods: Due to the complexity associated with SLE, together with
the lack of in vivo quantitative longitudihdata, the described aims
were approached through developing a systems pharmacology
framework. The immune response after production of autoantigens
was modeled by Boolean networks [2,3]. Networks were built based
on a rigorous bibliographic review, focasen the components of

the immune response that have been reported to be altered in
autoimmune diseases patients. Simulations of the immune response
were performed perturbing the network by simulated upregulation
or downregulation of different nodes in theetwork in order to

identify which ones, if perturbed may trigger alterations similar to
those observed in SLE patients. Clustering analysis was performed
to group the network nodes according to the alterations these
nodes may trigger after being up orworegulated. Network
implementation and all simulations and analyses were performed in
R.

ResultsDifferent clinical manifestations were linked to different
altered pathways of the immune response. Virtual lupus patients
were classified into five major tagories, according to common
manifestations reported in the literature and five greapecific
therapies were identified. Manipulation of the PIPD1L, CDA45,
IL23, GMCSF and CB@D40L pathways were able to reduce the
disease alterations for each patiestibpopulation. No single
treatment was able to reduce the manifestations in all patient
subpopulation, advocating the need of personalized therapies.

ConclusionsHeterogeneity of SLE manifestations can be modeled
by different underlying altered pathways the immune system.
Patients can be classified into different categories according to their
alterations and optimal treatments can be identified for each

patient subpopulation.
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Gopichand GottipatModeling of a composite score in
t F NJAYyazyQa 5AaSlasS dzaiy3

Gopichand Gottipati, Mats O. Karlsson, Elodie L. Plan
Dept of Pharmaceutical Biosciences, Uppsala University, Uppsala,

Sweden.
Objectives¢ N} RAGA2y Il ffe>x GKS RAaSIasS a
0t50 A& ljdzr yGAFASR dzaAy3a ! yAFASR

(UPDRS) and more recently, it was revised to Movement Disorder
Society (MDS) sponsoredJPDRS [1]. The MEMBPDRS scale
includes a nx of 68 items rating motor or nemotor aspects of
experiences of daily living, assessments and complications. The
objective of the current analysis was to model MD8DRS through
the application of Item Response Theory (IRT) methodology.

Methods: Data ugd in this work were obtained from the
tFNJAYyazyQa tNRPINBaarAz2y al NJSNA L
Longitudinal MD&JPDRS records were available from (up te) 60
week observational clinical study t96 healthy controls (HC), 423

(de novo) PD subjectdiagnosed for years and not taking any

PD medication) and 64 SWEDD subjects (consented as PD subjects
but not showing evidence of dopaminergic deficit). An IRT model
was applied and the reported MQSPDRS responses were

assumed to be related to an ubservable (latent) disease status
variable. Modeling was performed using NONMEM 7.3 and
simulationbased diagnostics were conducted using PsN and R.
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Results:The final IRT model included 66 ordered categorical and 2
binary items, and a total of 337 itespecific parameters that were
estimated using all the data. Item characteristic curves describing
the probability of observing a specific score for an item were also
constructed. The subjedpecific disease status distribution of the
PD subjects was used aseference for the shifts in mean and
variance for individuals of the HC and SWEDD cohorts. Typical
individuals of the HC and SWEDD cohorts had a less severe disease
status but a larger variability than the PD cohort, with an overlap
between PD and SWEDIBtributions more important than with the
HC. Simulations with the IRT model were in good accordance with
the observed MD&JPDRS item level data. The time course of the
disease status was described with different functions for each
cohort, and only the B patients displayed a significant linear
increase over time.

Conclusionsilt is the first time that PD is described using IRT
methodology, although it has been applied in therapeutic areas
ddzOK a 'f1 KSAYSNRa RAaSIaS woé:
Schinphrenia [5]. IRT was shown to be more advantageous than
conventional methods using total scores and can provide a

framework for investigating disease progression and drug effects in

PD.
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Objectives:Optimal immunosuppressive therapy in acquired severe
aplastic anemia (SAA), a rare disease affecting childeergins to

be defined. Current recommendations state that cyclosporine (CsA)
trough blood concentrations (TBC) should be maintained between
200 and 400 ng/mL, but there is a lack of data supporting this
target. Our study aimed at quantifying relationshiptween

exposure to CsA and hematological response, and at determining
the effective CsA TBC target range in a cohort of children with SAA.

Methods: Data from 23 pediatric patients with SAA treated with CsA
were retrospectively analyzed to develop a patign
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PK/Interface/Timeo-event model, linking CsA doses, TBC, effective
concentration and timego-hematological response (TTR). The
effective concentration profile was driven by CsA TBC through an
interface compartmentThe input function of the interfac
compartment was adapted to estimate a lower and an upper bound
of effective CsA TBC, thus defining an effective range. Attme
event model linked effective concentration profile to TTR, defined
as two successive neutrophil counts > 0.5ddIs/L. TTRas
prospectively predicted in three additional patients not included in
the model building

ResultsFifteen out of 23 patients (65.2%) had a hematological
response with a median TTR of 69 days (mimi#x 182). The

median (minmax) age and weight wei&5 (815) years and 34 (9-8
79.3) kg respectivelf{CsA TBC profiles were adequately described
by an allometrically scaled twoompartment model with firsorder
absorption with a lagime and a linear eliminatioriThe effective

target range of CsA TBC vestimated at 87 120 ng/mL (relative
standard error < 5%). Simulations showed that the optimal CsA TBC
target would be 100 ng/mL resulting in maximal response rate. TBC
values above or below the 820 ng/mL range would be associated
with lower responseate. Moreover, for three new patients, TTR
predicted distribution from their TBC values was remarkably
consistent with the observed TTR values (57, 41 and 61 days
respectively).

ConclusionsThis original modeling approach was successful in
describing theelationships between CsA TBC and the
hematological response in patients with SAA. While further research
in a larger population is necessary to confirm our findings, this work
suggests that a CsA TBC target of 100 ng/mL, much lower than that
currently recommended, would be associated with a better

response rate in children with SAA.
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model to elucidate theeffect of ritonavir on
intratumoural metabolism and anttumour effect of
docetaxel in a mouse model for hereditary breast

cancer

Huixin Yu (1), Jeroen J. M. A. Hendrikx (1), Alfred H. Schinkel (2),
Sven Rottenberg (2), Jan H. M. Schellens (3,4,5), Basjien
(1,4,5), Alwin D. R. Huitema (1,4)

(1) Department of Pharmacy & Pharmacology, Netherlands Cancer
Institute-Antoni van Leeuwenhoek, Amsterdam, The Netherlands; (2)
Department of Molecular Oncology, Netherlands Cancer Institute

Antoni van Leeuwenh&eAmsterdam, The Netherlands; (3)
Department of Medical Oncology, Netherlands Cancer Institute
Antoni van Leeuwenhoek, Amsterdam, The Netherlands; (4)
Department of Clinical Pharmacology, Netherlands Cancer Institute

Antoni van Leeuwenhoek, Amsterdam, Naetherlands; (5) Utrecht
Institute of Pharmaceutical Sciences, Utrecht University, Utrecht,
The Netherlands.

Objectives

Docetaxel, administered intravenously, is widely used ascamnicer
agent [1]. An oral formulation of docetaxel has been successfully
developed in our group [2]. One major limitation for oral
administration of docetaxel is its low bioavailability due to its
affinity for Rglycoprotein and Cytochrome P450 (CYP) 34].[3
Ritonavir strongly inhibits CYP3A4 and thereby proved to be a
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potent booster of docetaxel exposure in both mice and human [5
6]. Phase | trials with oral docetaxel and ritonavir showed the
feasibility of this oral treatment [B].

Although ritonavir is primarily used as exposure booster, it has also
been suggested that bhavir may have an antumour effect itself
[9-13]. In order to explore the effect of ritonavir on docetaxel
metabolism as well as artimour effects of ritonavir, we

performed an allograft study in mice [14]. The results suggested
that cotreatment of docetaxel and ritonavir significantly prolonged
survival and substantially reduced average tumour size compared to
that of docetaxel onhtreated mice. However, from the empirical
data analysis, it could not be definitively concluded whether this
was only he consequence of decreased docetaxel metabolism in
tumours or additional factors, e.g. direct amtimour effect of

ritonavir.

The aims of the current study were: (1) to develop a
pharmacokinetic (PKpharmacodynamic (PD) model based on
central and tumou exposure of docetaxel and tumour size
measurements from this previous study; (2) to further evaluate and
guantify the effects of ritonavir on systemic and intratumoral
exposure and antiumour effects of docetaxel when combined.

Methods

Data

70 host micdacking Cyp3adyp3d) with implanted tumour tissue
presenting inherent Cyp3a expression were divided randomly over 4
groups [14]. Group | was not treated and used as control for tumour
growth (control group, n=20). Group Il was treated with 12.5 mg/kg
oral ritonavir (ritonavir onlitreated group, n=20), group Il was
treated with 20 mg/kg intravenous docetaxel (docetaxel enly

treated group, n=30), and group IV was treated with both 20 mg/kg
intravenous docetaxel and 12.5 mg/kg oral ritonavir-{aated

Page |59



group, n=30). Docetaxel and ritonavir PK were measured in both
plasma and tumour. PK samples (n=5 per time point) were collected
on day 2, 9 and 16 at approximately 24 hours after docetaxel
administration. Tumour volumes were measured daily in all groups.

PK model

A previously established twoompartment model was used for
docetaxel plasma PK [15]. Although Cyp3aice were studied, it
was hypothesized that ritonavir might still influence docetaxel
plasma PK. Docetaxel tumour concentrations were desgniiéh a
separate compartment with a firgirder absorption rate from the
system, and a firsbrder elimination rate from the tumour.
Ritonavir systemic PK was fixed with a @oenpartment model
similar as used in a previous study [15]. Measured ritortawiour
concentrations were modelled analogously to docetaxel. In the co
treated group, the inhibition of docetaxel tumour metabolism by
ritonavir was explored with ritonavir tumour concentrations by an
Emaxtype inhibition model. The ritonavir tumour conugation

that inhibits half of Cyp3a enzymes (I@BPwas fixed according to
the literature as 2.5 ng/g [16].

PK/PD model

Non-perturbed tumour growth in untreated mice was described by
an exponential net tumour growth rate. In docetaxel treated mice, a
progression factor that represents the increase in tumour growth
rate over time was considered. Docetaxel aénthour effect was
described by a delayed effect model using transition of cells from
the proliferative pool to an apoptotic pool. This transitiontemour
cells was described with a firstder rate constant and was
dependent on the docetaxel tumour concentration using an Emax
type model. The cells in the apoptotic compartment were
eliminated by a firsbrder rate constant.

Hypothesis tests
Firstly,docetaxel effect parameters were estimated based on the
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docetaxel onhtreated group. Secondly, these parameter estimates
were used to predict tumour size profiles in the combined
treatment group taking only the increased docetaxel tumour
concentrations a a result of ritonavir cadministration into

account. Subsequently, it was explored whether ritonavir had an
additional antitumour effect independent from the increased
tumour docetaxel concentrations.

Sensitivity tests

A sensitivity analysis was conded to explore whether the
assumed value for IChfiinfluenced the final outcome (x10%
difference from fixed IC5@vparameter).

Results

PK model

The final PK model adequately described the observed data. In the
Cyp34d- host, ritonavir slightly decreaseatbcetaxel systemic
clearance by 8% (relatively standard error (RSE) 0.4%) inthe co
treated group. As expected, docetaxel tumour exposure was
increased with mean area under the concentratiime curve 2.5

fold higher when cdreated with ritonavir.

PK/PDmodel & Hypothesis tests

Firstly, effect parameters in the docetaxel otigated group were
successfully estimated. A model improvement with a drop of
objective function value (OFV) of 30 points (p <0.001) was found
when an increased tumour growth rateer time was considered.

Secondly, these effect parameters from docetaxel dreated
group together with increased docetaxel tumour concentration
were used to predict the tumour growth profiles in the-teated
group. This resulted in a slight underesdtion of the time to
tumour re-growth in the cetreated group. Also in early phases of
treatment the antitumour effect was underestimated. This

Page |61



indicated that the observed enhanced acntncer effect in the co
treated group, compared to the docetaxel gtiteated group, could
not be fully explained by the increased docetaxel tumour
concentrations alone.

Subsequently, a potential ritonavir astancer effect was modelled
analogously to that of docetaxel. Inclusion of this effect of ritonavir
resulted in dop of OFV of 59 points (p <0.001). Bias in the model
predictions of the cdreated group disappeared by inclusion of this
effect.

In the final PK/PD model, negperturbed tumour growth was
estimated with a net growth rate of 1.32 weéKThis rate
exponentally accelerated with 0.06 wegkn treated groups.
Docetaxel tumour concentration with 50% of maximum dathour
effect was estimated as 307 ng/g.

Sensitivity tests
Difference of £10% on fixation of IGe@suggested no influence on
the final model parmeters.

Conclusions

A PK/PD model has been successfully built describing the complex
interaction between docetaxel and ritonavir when-administered

in a mouse model for hereditary breast cancer. We showed that the
increased tumour growth inhibition iretreatment of docetaxel

with ritonavir is mainly caused by boosting the tumour exposure to
docetaxel and to a minor extent by a direct tumour growth
inhibitory effect of ritonavir.
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simplification of systems models
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BackgroundSystems pharmacology models are created to explor
detailed mechanisms of drug behaviour. However due to large
dimensionality and complexity they cannot be easily utilised as the
basis for modelling of datdriven pharmacokinetic

pharmacodynamic (PKPD) studies. With model order reduction
methods systemsodels can be simplified into simpler structures
while retaining similar inpubutput relationships. Lumping is one
model order reduction technique that merges original states into
fewer pseudestates in a reduced system. Proper lumping as a
special casefdumping that merges one or more original states into
one pseudestate in the reduced system. The reduced states after
proper lumping retain their physical meaning as in the original
system. Recently a proper lumping technigue has been used for the
simplification of a largescale systems pharmacological model [1].
Other complex systems such as physiologically based
pharmacokinetic (PBPK) models have been lumped by merging the
tissues with similar specification (i.e. in serial or parallel connection)
[2]. Automating the process of system simplification represents a
large combinatorial search problem.

Aims: The overall aim of this work was to develop an automatic
process for the simplification of a complex model. Specific
objectives were to: (1) develop antamatic proper lumping
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technique, (2) apply the automated process for the simplification of
a PBPK model.

Materials & Methods:A PBPK model for fentanyl was identified
from the literature [3] and used as the application example. This
model predicted the aerial fentanyl concentrations over time in
humans after an intravenous infusion of fentanyl. In total there
were 17 states with liver as the site of metabolism. The PBPK system
was written as ordinary differential equations (ODESs). For this
example appliation of model simplification, it was considered
desirable that the arterial concentratietime curve from the

lumped model shows good agreement with the original profile. The
criterion for an acceptable lumped model was defined as the total
area under thearterial concentratioftime curve (AUC) between
lumped and original models was set to differ by 0.002% at
maximum (termed ARD% for absolute value of the relative
difference expressed as a percent). Note this criterion is arbitrary.

Proper lumping has présusly been described by Dokoumetzidis
and Aarons [4]. A general form of the model for a vector of model
predictions (y) is given by

dy/dt =K x y.

Here K is the microate constant matrix. In this technique the
lumped micrerate constant matrix (i can ke obtained by the
relationship of K, the lumping matrix (M) and the psetdeerse of
lumping matrix (M) by

Ki=M x K x M
The resulting lumped micrmate constant matrix is then used to
simulate the concentratiottime profile of the lumped system. The

lumping matrix (M) is a user defined m x n matrix composed of 0s
and 1s, where m is the number of lumped states and n is the
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number of original states. The M matrix transforms the states
between the original and lumped systems. Note the M matrix for
the sdting where the lumped model equations are the same as the
original model is the identity matrix,jlof dimension n (i.e. m = n).

The M matrix is specified where the sum of each column is 1 and

the sum of each rov). The optimal M matrix is defined aaving

the minimum number of states (min(mM); MY MZ H I XZY YO G KI
the criterion.

Methods of searching the matrix developed in this work included:
(1) full enumeration, (2) noadaptive random search (NARS), (3)
scree plot plus NARS.

Full enumeratia: all legal lumping matrices were exhaustively
searched. The search started from the fully lumped matrix (m = 2)
and then incremented one row each time until the criterion was
accepted.

NARSIegal lumping matrices were constructed randomly. The
search sarted from the fully lumped matrix (m = 2) and m was
incremented by one after each NARS was completed or until the
criterion was accepted. Number of random samples per increment
in m was tested with 10, 100, 1,000 or 10,000 or 100,000 or
1,000,000.

Scree ot plus NARSA scree plot was used to visualise the
influence of the compartmental structures. In the scree plot, the
eigenvalues of the K matrix were plotted in rank order against the
ranked state number. Either a caff point of an eigenvalue of 1 or

a change in the slope of the scree plot indicated an initial estimate
of the number of states in the reduced model. This was used as the
starting point for NARS.
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The automatic methods described above were tested individually
for simplification of originalentanyl PBPK model. In all methods it

was constrained that the artery as the output state was unlumped
during the search process.

Results:

Full enumerationa 4state lumped model was found after 40
minutes where ARD% was 0.0001% satisfying the explyrato
criterion (i.e. ARD% < 0.002%). The minimum ARD% for all lumped
models with m = 4 took more than two days.

NARSStationary ARD distribution was formed until 10,000 random
samples and lower ARD was shown with the increment in m.

With 10 and 100 sampléke random searched did not find a
lumped model that satisfied the criterion (i.e. the full model was the
only acceptable model). With 1,000 samples, sstiade lumped

model was found after 15 seconds. With 10,000 samplesstaté
lumped model was foundfter one minute and after 100,000
samples per iteration a-5tate lumped model was found after five
minutes. With 1,000,000 samples, sstate model was found after

30 minutes.

Scree plot plus NARShe eigenvalues of the first four states were
above 1 ad therefore may provide the basis of those that are
informative and could be left unlumped as the first iteration. The
slope in the scree plot clearly levelled off up to the fourth state and
also indicated four or five states in the lumped model. ARD% for
both lumped models were above 38%. The lumped states were
gradually unlumped and a lumped model within the ARD% criterion
was not found.

In NARS the search then started from four states with 10,000
samples, and a-gtate lumped model was found after 40 secls.
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ConclusionsWe have demonstrated that different automatic
processes can be applied to simplify an existing PBPK model. It is
evident that full enumeration for anything other than a simple

model is not practical. The scree plot approach althoughrmétive
was not optimum. In this (relatively) straightforward example, NARS
with 1,000,000 samples per iteration was both relatively quick and
found the optimum. The methods described here are general and
more specific and efficient methods may be requifedlarge scale
problems (n > 50).
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Introduction

Pharmacogenetics (PG) studies the proportion of interindividual
variability (11V) in drug response explained by genetic variation,
investigating the link between genotype and pharmacokinetic
(PK)/pharmacodynamic (PD) phenotypes [1]. In the hopes to
personalise therapy, genetic data are now collected in many clinical
trials in large arrays. For instance, the pharmaceutical company
Servier developd a microarray that informs on metabolism
enzymes and transporters polymorphisms. In early PK studies,
genetic variation is often tested for an association with phenotypes
estimated using noncompartmental analysis (NCA) [2], although
nonlinear mixed effets models (NLMEM) are increasingly used in
clinical trials. Currently, there is no consensus on methods to study
the PG of drugs in clinical development. We investigated the
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methodology of PG analysis in PK early phase studies, to propose
approaches enhairieg the detection of genetic effects.

Objectives

1. To compare the ability of different PK phenotypes to detect
genetic effects.

2. To assess the performance of different association tests.

3. Toimprove PG analysis in small samples with large genetic
arrays, through combined analysis of phase | and Il data or
using a PK phenotype enrichment approach.

We performed this study through simulations.
Motivating example

A casestudy from Servier concemg a drug under phase |
development was the setting for a series of simulation. The PK of
this drug exhibited nonlinear bioavailability and a double absorption
process. In the clinical studies, 176 Single Nucleotide
Polymorphisms (SNPs) were genotyped tlglo the microarray
developed by Servier.

Methods

We used the genetic array and the PK model developed to simulate
genotypes and PK profiles under the nul, (kb genetic effect) and

an alternative hypothesis ¢H Under H, 6 SNPs were drawn

randomly to dfect the logclearance (CL) through an additive linear
model. Each SNP explained a different proportion of CL IIV (between
1 and 12%, totally 30%).

First, we simulated two phase | studies: one inspired from the real
case example with extensive sampling @bservations per subject)
2T Ty &adzoeSoia YR Iy dalaavyLikz2aao
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design of 384 subjects. The PK phenotypes were two observed
concentrations (C24h and C192h), the area under the curve (AUC)
estimated by NCA, and CL Empirical Bagém&tes (EBE)

estimated using Monolix [3]. The four association tests applied to
the 4 PK phenotypes were a stepwise procedure [2] and three
penalised regressions: ridge regression [4], Lasso [5] and HyperLasso
[6]. The 16 combinations of 4 PK phenotypes 4 association
methods were compared on the two phase | studies in terms of
probability to detect genetic effects, computed as the percentage of
data sets simulated underikhere one to six of the six causal
variants were selected [2].

Second, we movedn to the next phase of clinical development,
exploring realistic ways of increasing the amount of PK information
by combining phase | data with data collected in sparse phase Il
studies. To investigate the influence of the design and of the

amount of inbrmation, we simulated three phase Il studies with
sparse sampling (1 to 3 observations per subject, 306 subjects),
optimising the three samples designs [7]. We focussed on the EBEs
of CL as the phenotype and two association tests were considered: a
stepwise procedure and Lasso. The probability of detection was
compared and related to estimated shrinkage [8].

Finally we investigated a new approach for PK phenotype
enrichment to increase the amount of information in sparse designs
[3]. We used imputations ralomly drawn in the conditional

distribution of CL using Monolix. We compared applying a linear
mixed model to handle the correlation in imputations of a same
subject, to a linear model on the CL EBEs. The alternative hypothesis
was simulated as one genetinarker affecting CL in two phase |
studies of 78 subjects with rich or sparse sampling. In both cases,

we estimated the probability to detect the genetic variant.

Results
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Interestingly, in the presence of nonlinearity and/or variability in
bioavailabiliy, modelbased phenotype allowed a higher probability
to detect the SNPs than other phenotypes. When PK was simulated
without nonlinearity and variability in bioavailability, the tests based
on AUC and CL had a similar power. None of the penalised
regressons or the stepwise procedure showed a much higher
power than the others, but ridge regression had the best probability
to detect SNPs, with also a higher number of false positives. This
result holds regardless the number of subjects. In this realistisgha
| setting with a limited number of subjects, the probability to detect
genetic effects was low regardless of the method. As expected it
increased with the number of subjects for all methods.

Compared to phase | data alone, additional phase Il data, witbn
sparse sampling, increased markedly the detection probability due
to the larger sample size, showing that rich PK information is only
required in a subset of subjects. A direct relationship was observed
between the design of the phase Il study, tieiskage in the
individual CL estimates and the probability of detection. Optimising
the phase Il design reduced the shrinkage and allowed the highest
probability to detect the genetic variants. But this gain was low
compared to the one due to the samples increase.

Imputations allow a better description of the uncertainty of the
estimated parameters and reduced the shrinkage when compared
to using only the EBEs. With this approach the probability of
detection improved marginally (less than 10%).

Concluson

The present work focussed on PG studies performed during the
clinical development of a drug. It shows how, in contrast to what is
done in most early phase studies, modelling approaches should
generally be preferred to estimate PK phenotypes, in paldicin

the presence of complex PK involving dmrearity. Our results also
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reinforce the importance of the sample size in PG studies, and show
that phase | trials are underpowered to detect even strong genetic
effects and/or genetic effects due to rardedés. To improve their
detection, we propose to play on two aspects: the increase in
sample size, combining data from phase | and Il studies, and PK
phenotype enrichment. Phase Il data is needed to confirm the
impact of genetic variants on drug responselalesign optimisation
improves the power of the studies. We also show that a new
imputation-based approach provides a slight gain of the same order
than design optimisation.

To conclude we recommend the combined analysis of phase | and Il
data for the exporation of genetic associations and to prospectively
optimise the phase Il study design accordingly. Increasing the
sample size is the main driver of genetic association analyses power.

Acknowledgment:
We are grateful to Marc Lavielle for help implemegtithe
imputations in the conditional distribution of the parameters.
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Oral: Modelling using Bayesian Analysis(J8] Thursday 11:45
12:30

Sebastian WebeBuilding Robust PK/PD Population
Models with Bayesian Inference

Michael Betancourt (1) and Sebastian Weber (2)
(1) University of Warwick and (2) Novartis Pharma AG

Because clinical data is often limitedthe number of patients or
observations

LISNJ LI GASyGs tYkt5 FylfteasSa GKIG
data compromise

our ability to make robust inferences, especially when trying to
characterize variation

amongst a population of patients. In thislk we will discuss how
Bayesian inference is the

natural framework for modeling these complexities and building
robust PK/PD

population models, ending with a contemporary example to
demonstrate the

power and clinical relevance of this approach.
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Oral: Modelling using Bayesian Analysis(J8] Thursday 11:45
12:30

Michael BetancourBuilding Robust PK/PD Population
Models with Bayesian Inference

Michael Betancourt (1) and Sebastian Weber (2)
(1) Universityof Warwick and (2) Novartis Pharma AG

Because clinical data is often limited in the number of patients or
observations

LISNJ LI GASyGs tYkt5 FylfteasSa GKIG
data compromise

our ability to make robust inferences, especially whgying to
characterize variation

amongst a population of patients. In this talk we will discuss how
Bayesian inference is the

natural framework for modeling these complexities and building
robust PK/PD

population models, ending with a contemporary exae to
demonstrate the

power and clinical relevance of this approach.
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Oral: Modelling using Bayesian Analysisq® Thursday 12:30
12:50

Thierry WendlingApplication of a Bayesian population
approach tophysiologicallybased modelling and
simulation of mavoglurant pharmacokinetics

Thierry Wendling (1, 2), Swati Dumitras (2), Ralph Woessner (2),
Etienne Pigeolet (3), Kayode Ogungbenro (1) and Leon Aarons (1)
(1) Manchester Pharmacy School, The Univer§ityamchester,
Manchester, Uniteingdom, (2) Drug Metabolism and
Pharmacokinetics, Novartis Institutes for Biomedical Research,
Basel, Switzerland, (3) Pharmacometrics, Novartis Pharma AG,
Basel, Switzerland

Objectives Mavoglurant (MVG) is an antagonétthe

metabotropic glutamate receptor 5 currently under clinical
development at Novartis Pharma AG for the treatment of CNS
diseases. The aim of this work was to develop and optimise a
population physiologicalipased pharmacokinetic (PBPK) model for
MVGto predict the impact of druglrug interaction and age on its
PK.

Method: A wholebody PBPK model for drug disposition was first
developed and optimised with data from a Phdsgudy of
intravenously administered MVG using a Bayesian approach. We
developal a threestage hierarchical model to describe both
uncertainty and intefindividual variability (11V) in the dregpecific
parameters. Prior information on the systespecific parameters
was extracted from the physiology literature. For dispecific
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parameters, prior distributions were constructed based on the
results ofin vitroand animal experiments. A sensitivity analysis was
performed prior to model fitting to identify the parameters that
O2dzA R 0SS dz2LRF SR 2dzad o0& LI ayl
distributions were approximated by random draws using MCMC
simulations in NONMEM. Three chains of 10”6 iterations were
computed. Convergence to the equilibrium distribution was
monitored using the potential scale reduction statistic [1]. The
optimised modelvas then used together with a mechanistic
absorption model to predict MVG PK when orallyaciministered

with ketoconazole in adults or administered alone in children. The
predictive performance of the model was evaluated using data from
three other clinial studies.

Results The population PBPK model allowed good description of
MVG plasma PK data following IV administration in healthy adults.
Prediction of the MV&etoconazole interaction was consistent with
results of an inouse norcompartmental analysiof the clinical

data (3fold increase in systemic exposure). Finally, scaling of the
PBPK model allowed reasonable extrapolation of MVG PK from
adults to 3 to 11 yeaold children.

ConclusionsPopulation PBPK modelling and simulation for MVG
provided futher insight into its PK, including the source and
magnitude of IIV. The Bayesian approach allowed uncertainty in
some of the drugspecific parameters to be reduced. The model can
be used to predict plasma and brain (target site) PK profiles
following ord administration of various immediateelease
formulations of MVG alone or when @aministered with a
perpetrator, in adults as well as in children.
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Oral: Drug Resistance in Infection ModellingQ®| Thursday
14:1014:30

Rong Dendgrowards ModelBased Drug Development
of New Therapeutics for Hepatitis C Virus

Rong Deng, Brda Emu, William Capra, Jin Y. Jin
Genentech, Inc., South San Francisco, CA, US

Objectives:The FDA "critical path" document characterizes meodel
based drug development (MBDD) as the development and
application ofpharmacastatistical models of drug efficacy and
safety from preclinical and clinical data to improve drug
development knowledge, management and decisinaking. One of
the frequent and well established applications of MBDD is utilization
of mathematical nadels of disease progression to test different
study designs in silico via clinical trial simulations. In the past few
years, MBDD has been a unique and useful tool to inform drug
development strategy and decisianaking in various therapeutic
areas, suclas metabolic, neurological, and cardiascular diseases,
and we believe it can be similarly useful in infectious diseases.

Methods: The life cycle of Hepatitis C virus (HCV) has been studied
extensively in the past decade, from which mathematical models
have been developed to quantitatively describe both viral dynamics
as well as existing and potential therapeutic interventions. The
models have also been well validated against the rich clinical data of
patient viral load reduction upon receiving the standi@f care

(SOC)( ribavirin+ peginterferon). We propose to utilize and modify
these models to assist the design of clinical trials of an HCV entry
inhibitor by testing different input clinical parameters (choice of
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antiviral therapy, viral load, known clateristics of patient
population), to inform selection of virologic endpoints, sample size,
and patient population.

ResultsWe have developed and validated a modified HCV dynamic
model that incorporates resistance to SOC and use of an HCV entry
inhibitor for treatment. This model suggests HCV entry inhibition
may increase cure rate and decrease treatment duration when
combined with current SOC or direatting antiviral agents, with or
without interferon. In additional, an HCV entry inhibitor is likely to
show larger added benefits in patients not responding well to SOC.
Based on the model, a phase | study is proposed in HCV patients,
regardless of baseline viral load, designed to show evidence of viral
load decline, and the PKPD relationship of a novéf ei@ry

inhibitor.

ConclusionsMBDD has been successfully applied to develop a
study design for HCV in the early drug development stage.
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Oral: Drug Resistance in Infection Modelling1@| Thursday
14:3014:50

Joe Standindreating Resistant Grarlegatives:
Bedside to Bench and Back

Lynette Phee (1,2), Yucheng Sheng (3), David Wareham (1,2), Joseph
F Standing (4,5)
(1) Antimicrobial Research Group, Blizard Institute, Barts and The
LondonSchool of Medicine and Dentistry, UK (2) Division of
Infection, Barts Health NHS Trust, UK (3) School of Pharmacy,
University College London, UK (4) Institute of Child Health, University
College London, UK (5) Great Ormond Street Hospital, London, UK

Objedive: London is a culturally diverse city, and this extends to
diversity in bacterial pathogens. Mutfrug resistant (MDR) Gram
negatives are an increasing problem. We started at the bedside
identifying a number of MDR. baumanniclinical isolates. Mo
to the bench, potentially synergistic combinations were identified
with in vitro models and then tested in an invertebrate model of
infection G. mellonella Returning to the bedside, we have used
the identified combination to treat patients infecteditiv
extensively resistant strains & baumanniiHere we focus on the
development of simple, identifiable mechanistic models which
allowed for quantifying antimicrobial synergy and dose
optimisation.

Methods: Colistin disrupts the outer membrane of Graragatives;

it was therefore screened in combination with a range (10 agents)
of Gramypositive agents using disk diffusion screening assay.
Potential synergy was confirmed with checkerboard assays (1) and
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modelled with a response surface approach. Then radicg
concentration 24 hour timill experiments with each drug alone
and a range of combination concentrations was performed.
Differential equation models (2) of colofigrming unit (CFU)
concentration with time were extended to two drugs and
simultaneots analysis of six strains (population approach) using
NONMEM 7.3 (FOCE). A colistin concentratiependent
mechanistic synergy function was tested. Confirmation of
combination efficacy was sought fro@ mellonellanfected withA.
baumanniiwith survivaimodelled by timeto-event. Published PK
models were used to optimise dose defined with a meoketed
utility function. Clinical outcome can be reported for two patients so
far.

Results:Colistinfusidic acid was identified as the optimal
combination in iftial screening. A simple model with tinvarying
effect adequately described time and concentration dependant
resistance development. Adding a synergy term on resistance
development rate significantly improved model fit (delta OFV
118). Preliminary explmtion of methods for dose optimisation by
utility function have been explored.

ConclusionsWe have shown both in vitro and in vivo that fusidic
acid can be combined with colistin to treat MBRbaumannii
Fusidic acid is potentially colistaparing anduture work will
investigate the combination activity versus other organisms.

References:

[1] Moody J. Synergism testing: Broth microdilution checkerboard
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Oral: Drug Resistance in Infection Modelling11 | Thursday
14:5015:10

Anders Kristofferssod Pharmacokinetie
Pharmacodynamic (PKPD) Model Characterizing
Resistance for Predictions of Bacterial Kill in vivo

Anders Kristoffersson (1), Pascale Da&iigrson (2)Neil J. Parrott
(2), Olaf Kuhlmann (2), Thierry Lave (2), Lena E. Friberg (1), Elisabet
I. Nielsen (1)
(1) Department of Pharmaceutical Biosciences, Uppsala Universitet,
Uppsala, Sweden, (2) Hoffmann LaRoche LtD., Basel, Switzerland

Objectives:Within the infectious disease area, the pharmacokinetic
(PK)}pharmacodynamic (PD) characterization is generally limited to
the establishment of the so called PK/PD indices or drivers [1].
PK/PD indices are summary endpoints assessed at a single time
point and canherefore not accurately describe emergence of
resistance. This study aims to predict bacterial kill and resistance
developmentin vivobased on a PKPD model characterizingitthe
vitro time course of meropenem activity agaidseudomonas
aeruginosa

Methods: A semimechanistic PKPD model described ith@itro

effect of meropenem on two strains &f. aeruginos#wild type, and
resistant clinical isolate) [2]. Each strain was modelled as consisting
of compartments for susceptible and resting bacteria. Bedn

after initial kill was explained by a pexisting subpopulation with
greatly reduced meropenem susceptibility (>200igher EC50). The
model was evaluated fan vivoconditionsby replicating a murine
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PKPD study [3] using PK established in miceaf#] applied to make
predictions of efficacy in humans [5].

Results:The murindn vivostudy results were well replicated with

the same PK/PD index selected, with similar magnitude required for
efficacy. Contrary to expectation [6], the clinical isolegquired
concentrations above the minimum inhibitory concentration (MIC)
for twice as long as the wild type (30 vs. 63 % of the dosing interval).
In order to suppress emergence of resistance to meropenem
concentrations greatly exceeding the MIC over adgrgrt of the
dosing interval are expected to be needed, hence prolonged
infusions were required in patients with short meropenem Heé.

As expected [7], the clinical maximum daily dose was predicted not
to be sufficient to treat the resistant isolate.

ConclusionsAnin vivomurine dose finding study was successfully
replicatedin silicousing a PKPD model basediowitrodata. The
magnitude of the PK/PD index was found to be sensitive to the
susceptibility of the strain. Simulations illustrated tlkambination
therapy is expected to be required to treat infections by the
resistant strain. Contrary to the PK/PD indices, a PKPD modelling
approach naturally lends itself to investigation of effect from drug
combinations. The ability to integrata vitro findings on resistance
with in vivoPK data to provide dosing recommendations is of great
potential for dose finding of antibiotics and to guide improved
treatment.
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Oral: Other Topics |-@2 | Thursday 15:145:15

Nick HolfordAnnouncement of WCoP 2016
Nick Holford

Invitation to attend FromWCoP Executive Committee and the
WCoP 2016 Organizing Committee

On behalf of the WCoP 2016 organizing committee, it is our great
pleasure to invite you to the second World Conference on
Pharmacometrics (WCoP) to be held in Brisbane, Australia from 21
to 24 August 2016.

The Population Approach Group of Australia and New Zealand
(PAGANZ) will be your host for WCOP 2016 and will be supported by
the Australasian Society of Clinical and Experimental
Pharmacologists and Toxicologists (ASCEPT). Together, with the
WCoP Executive we will join forces to produce a 2016 conference
that is innovative and promotes pharmacometrics research and
methodology globally.

.SAy3a GKS 3ILaSere G2 !dzAaINIfAlIQa
encourage you to bring your family and exgall that is on offer.

With over 200 direct international flights into Brisbane each week,
access from Asia, Europe and USA is easy.

Thank you in advance for your patrticipation and support. We are
looking forward to welcoming you to Brisbane in 2016.

Who should attend?
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WCoP 2016 will bring together leading national and international
researchers, academics, clinicians and educators from various
arenas, including:

pharmacokinetics and pharmacodynamics

population modelling and simulation

clinical and experimntal pharmacology

systems pharmacology

medical, pharmaceutical and other healthcare disciplines
pharmaceutical industry

governmental and nogovernmental organizations from
around the globe.

=A =4 =4 4 -4 -8 -4

NOTE: IT IS IMPORTANT THAT YOU APPLY FOR YOUR VISA WELL IN
ADVANCE OF YOUR DEPARTURE DATE. Please Gea¢hal
information page for further information about visas

Please visitvww.wco@016.orgfor further details
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Oral: Stuart Beal Methodology Session]14€| Thursday 16:30
16:50

Andrew HookePreconditioning of Nonlinear Mixed
Effect models for Stabilization of the Covariance
Matrix Computation

Yasunori Aoki, Rikard Nordgren, and Andrew C. Hooker
Department of Pharmaceutical Biosciences, Uppsala University,
Uppsala, Sweden

Objectives: As the importance of pharmacometric analysis

increases, more and mommplex models are introduced and
computational stability starts to beconabottleneck.We can

observe such instability, for example, in the computation of

the covariance matrix with the error message "R MATRIX
ALGORITHMICALLY NON{ L ¢ L+9{ 9aL59CLIbL¢9cE
this work, we presena preconditioning method for nonlinear mixed
effect models to increase the computational stability of

the covariance matrix computation.

Methods: Roughly speaking, the method-parameterizes the
model with a linear combination of the original model paitars

so that the Rmatrix of the reparameterized model becomes close
to an identity matrixThis approach will reduce the chance of e
matrix being norpositive semidefinite due to computational
instability and gives a clear indication when thenRirix is
fundamentally norpositive semidefinite (e.qg., if the model is not
identifiable). Based on the ygarameterized model results, the
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parameters and covariance matrix in the original parameterization
can be calculated.

Results:We have conducted nurber ofstochastic simulation and
estimationexperiments, usinghree published models [1,2,3] and
NONMEM. We have simulated various datasets and then estimated
both parameters and covariance matrices using the published
parameterizationsln these studieshere were85/200, 30/50,
and69/200of caseswhere the covariance step faileHowever,

after preconditioning the covariance matrices were successfully
computed for all these cases. In addition, to illustrate the danger of
computational instability, we hae conducted aimilar test using an
unidentifiable model. Surprisingly, covariarmoatricescould be
computed for 48/100 cases with reasonable relative standard errors
(RSE). However after preconditioning, the RSE typically grew by a
few orders of magnitde (e.g., 47% to 1243%learly indicating
identifiability problems with the parameters.

ConclusionsComputational instability can potentially influence
pharmacometric analyses and yeopose a preconditioning

method to reduce that instability anithicrease the chances of

getting a covariance matrix in NONMEM (if the model parameters
are identifiable). The method is automated and made available as a
part of PsN [4,5]Computational instability can also influence the
parameter estimates and an invegdition of this correlation using

the preconditioning method is presented in a separate abstract [6].

AcknowledgementThis work was supported by the DDMoRe
(www.ddmore.ey project.
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Oral: Stuart Beal Methodology Session]1®| Thursday 16:50
17:10

Eric Stromberdgimulated model based adaptive
optimal design of adult to children bridgig study
using FDA stopping criteria.

Eric A. Stromberg, Andrew C. Hooker
Department of Pharmaceutical Biosciences Uppsala University, P.O.
Box 591, SE51 24 Uppsala, Sweden

Objectives:In traditional design, the size of the study population is
regularlycalculateda prioriusing power calculations which are
dependent on the prior information. Wareg al. has previously
suggested a precision criteria for sample size determinations based
on derived variability in clearance and volume of distribution for
dedgn of pediatric PK studies [1]. Model based adaptive optimal
design (MBAOD) has been shown to be less sensitive to initial model
misspecification in the design stage. This can be useful in bridging
studies where the prior information on model and parammstérom

the original population may differ greatly from the target

population [2,3]. In this work we apply the Wang et al. precision
criteria as a stopping criteria for a MBAOD of an adult to children
bridging study where the estimates of variability foetparameters

of interest are taken directly from the target population.

Methods: An adaptive optimal design of an adult to children

bridging study was simulated 25 times using the MBAOD package in
R [4]. The true model was assumed to be a-campartmentmodel

with linear elimination. The volume of distribution in children was
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scaled by a weight covariate model and clearance was driven by
weight and age using a size and maturation model. Two levels of
misspecification on the scaling parameters were ingsgéd. A
simulated pediatric population with children of age 3 months to 18
years was split into 6 age groupkhe first cohort of children was
fixed to 9 children from the age group with the oldest children. To
avoid moving into age groups with poor esttes of parameters

the design space for each new cohort of patients was restricted to
only add children from age groups for which the stopping criteria
had already been reached. In each adaptive cohort the design was
optimized for which age group from wdhi to add 2 children to the
study. Once the stopping criteria were reached for all age groups,
the MBAOD ended.

Results:The stopping criteria was for the small and large
misspecifications reacheafter 2-5 and 48 cohorts of children,
which corresponded to a total of 17 and 1523 pediatric
subjects.

ConclusionsThe criteria for population size determination as
described by Wangt al.was successfully implemented as stopping
criteria for a MB®D simulation study. The stopping criteria was
reached in the MBAOD simulations with fewer individuals than
required by a traditional design with the same initial
misspecification in the prior information.
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Oral: Stuart Beal Methodology Session]1&| Thursday 17:10
17:30

Sebastian UeckerAlternative to Resampling Methods
in Maximum Likelihood Estimation for NLMEMSs by
Borrowing from Bayesian Methodology

SebastiarJeckert (1,2), Mari&arelle Riviere (1), France Mentré (1)
(1) IAME, UMR 1137, INSERM and University Paris Diderot, Paris,
France; (2) Pharmacometrics Research Group, Department of
Pharmaceutical Biosciences, Uppsala University, Uppsala, Sweden

Objectives: Asymptotic theorybased statistics such as confidence
intervals (Cl) from the covariance matrix (COV) andlpes (PVAL)
from the Wald test (WALD) are the basis for most mattelen
decisions in drug development. For small sample sizes these
approximdions do not hold and resampling methods like bootstrap
(BOOT) or permutation tests (PERM) are employed. Sampling from
the Bayesian posterior distribution represents an alternative, if
uniform priors are used, as posterior and likelihood become
proportiond to each other [1]. With the development of
Hamiltonian MonteCarlo (HMC) methods, this approach becomes
computationally attractive for hierarchical models [2]. The objective
of this work was therefore to compare HM@sed calculation of Cl
and PVAL witkexisting approaches.

Methods: The following HM@ased methodologies were used:
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Cl Starting at the maximum likelihood (ML) estimate, 8000
posterior samples were obtained through HMC and used for the
calculation of parameter confidence intervals.

PVAL Postrior samples obtained for multiple permutations of the
covariate vector were pooled and the PVAL calculated as the
percentile of the ML covariate effect in the posterior distribution.

Both methods were evaluated through simulations with different
PK/PD mdels under different study designs (large & small, sparse &
rich). For CI, the results were compared to BOOT and COV in terms
of density distribution and coverage. For PVAL, the results were
compared to PERM and WALD in terms of power and-bygseor.

TheHMC methods were implemented in R [3] using STAN [4] with
improper priors for sampling. Asymptotic theory and resampling
based results were obtained in NONMEM 7.3 [5] using PsN 4.3.17

[6].

Results:The simulations showed good agreement between COV,
BOOT ad HMC based Cls for large sample sizes. For small sample
sizes, COV Cls deviated considerably from Cls obtained with BOOT
or HMC. Results for PVAL were similar, with typeor rates close

to the nominal ones for all three methods at large sample slzets,
deviations for WALD at small sample sizes. In terms of computation
time the HMGbased methods were >30 times faster than

resampling methods.

Conclusionsin this comparison the HMC based methods appear as
a very promising approach, showing good agreatwith

asymptotic results for large and equal or better performance than
resampling methods for small sample sizes as well as drastically
shorter run times.

This work was supported by the DDMoRe project.
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Joel TarningSemimechanistic timeto-event
modelling in malaria

Joel Tarning (1,2), Praiya Thana (1), Palang Chotsiri (1), Issaka Zongo
(3), Nicholas Day (1,Hrancois Nosten (1,2), Nicholas J White (1,2).
(1) MahidotOxford Tropical Medicine Research Unit, Faculty of
Tropical Medicine, Mahidol University, Bangkok, Thailand, (2) Centre
for Tropical Medicine and Global Health, Nuffield Department of
Medicine, Uniersity of Oxford, Oxford, UK, (3) Institut de Recherche
en Sciences de la Santé, Bdahoulasso, Burkina Faso.

Objectives:Dihydroartemisinimpiperaquine is a promising
antimalarial treatment oP. vivaxandP. falciparunmalaria.
Falciparunmalaria causg the majority of deaths butivaxmalaria
causes substantial morbidity with frequent relapses due to the
reactivation of latent parasites in the liver. The objective of these
studies was to evaluate the PK/PD of piperaquine in patients with
vivaxandfalciparummalaria.

Methods: Study 1) 250 patients witR. vivaxnalaria in Thailand
received a standard-8ay regimen of dihydroartemisinin
piperaquine. Plasma samples were collected in 116 patients at 6
random time points and at the time of recurrent malartudy 2)
Sparse piperaquine plasma sampling in 183 children (age between
2.3358.1 months) were obtained after monthly dihydroartemisiin
piperaquine prophylactic treatment délciparummalaria in Burkina
Faso. In both studies, PK/PD properties of mapeine were

evaluated with nonlinear mixedffects modelling. Recurrent
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malaria were modelled with a tim#-event approach for both
falciparumandvivaxmalaria.

Results:Piperaquine population pharmacokinetics were described
by a 3compartment dispositin model with transitabsorption for

both children and adults, supported by prior information in the
sparse data in children. Study 1) The biology of relapsirax

malaria was accommodated by a constant baseline hazard with the
addition of multiple surgéunctions that increased the hazard of
relapse with an estimated 123% in fixed 3 week intervals. Study 2)
Parasite density at the time of malaria detection was used for
extrapolation of the likely time interval dalciparummalaria
acquisition in childre. The protective effect of piperaquine was
implemented as an inhibitoryvzx function. Doseoptimization

using the final PK/PD model suggested that small children had lower
exposure to piperaquine after a standard body weigbtmalised
dose. A prospect&ydose increase predicted a 34% decreased
malaria incidence in small children.

ConclusionsPK/PD modelling conducted here demonstrated that
both the biology of relapsingivaxmalaria and the acquisition of
new falciparuminfections were successfully deded by a timeto-
event approach. The results suggest that a large proportion of the
first vivaxrelapses were suppressed completely by residual
piperaquine concentrations, and that small children are under
dosed in preventive treatment of nefalciparuminfections.
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Natalie FilmannModeling the PK/PD of hepatitis B
immunoglobulin after hepatitis B induced liver
transplantation by an extended Target Mediated Drug

Disposition Model

N Filmann (1), J Rosenau (2), MP Manns (3), H Wedemeyer (3), E
Herrmann (1)
(1) Goethe University Frankfurt, Germany, (2) University of Kentucky
Hospital, (3) Medical School Hannover

Obijectives:Although hepatitis B immune globuline (HBIg)
administration in combination with hepatitis B virus (HBV)
polymerase inhibitors is the standard of care for prophylaxis of
reinfection after liver transplantation (LTX) for H&lated liver
disease iimany transplant centers worldwide, no rational basis for
individualized HBIg doses schedules exists until today.

The objective of the present study is the analysis of the virus
kinetics after HB¥hduced LTX and pharmacokinetics (PK) of HBIg
after LTX.

Methods: To analyze the HBsAgnd HDV RNA kinetics and the anti
HBs PK after liver transplantation, we developed and evaluated
virus kinetics models based on existing models for chronic HBV or
chronic HBV/HDV [1, 2, 3] and the general Target Mediated Drug
Disposition Model (TMDModel) of [4]. The TMDModel is used

for the analysis of the pharmacokinetics and pharmacodynamics
(PK/PD) of drugs where a significant proportion relative to dose is
bound with high affinity to the pharmacological target, suchttha
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this is reflected in the PK of the drug. Model parameters were
estimated by nodinear fitting of individual patient data (serial
quantifications of 67 patients of arkiBs, HBsAg, anil present
HDV RNA).

Results:The application of the general TMBibdel led to

systematic deviations between data and fits, especially, because a
decreasing effect after repeated HBIg doses could not be modeled
adequately. Our extension of the TMBibdel proposed here
therefore also takes account of the binding of aid&s and HBsAg
antigens to antHBsHBsAgmmune complexes and the ratio of
antigens and antibodies.

Our findings confirm a strong correlation between HBsskgl HDV
decline, antiHBs increase and HBIG dosing schemes, which was
already described by [5]. Globsensitivity analysis indicates that,
besides the volume of distribution and baseline HBAgls, the
elimination of immune complexes has large influence on the PK/PD,
too.

Different therapy regimes were analyzed by means of simulations.
The simulatiorresults indicate that treatment classification

according to baseline HBsAayels is reasonable with regard to
minimization of the HBIg doses and concurrent HBsAg elimination.

ConclusionWe propose an approach to model the PK/PD of HBIg
after HBVinducedLTX by an extension of the general TMDD model.
The modeling results form a basis for treatment individualization.
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Dimitra BonMultiscale modelling for hepatitis C
treatment

Dimitra Bon, Eva Herrmann
Goethe University Frankfurt

Objectives:In parallel to the beginning of a new era of HCV
treatment with directacting antiviral{DAASs), new models where
developed in order to describe the viral kinetics. Clinical data with
such new drugs showed a triphasic decay with a rapid first phase, a
moderate second phase decay and a relatively slow third phase
decay during the first few wesk Therefore, classical biphasic

models may not been suitable. Some recently proposed models take
into account the dynamics of intracellular replication, which is the
main target of the DAAs.

Methods: Here we describe a new variant of a multiscale model

that describes both, intracellular and cellular dynamics, with an
ordinary differential equation system. We compare our model with
two multiscale models, the ICCI model [1] and the-siyectured
multiscale model [2,4]. We evaluate all three models with the

design of the SYNERGY study [3]. In some cases, patients showed a
three phase viral decline and we analysed if such a decline could be
modelled with biologically reasonable parameters.

Results:Only the new multiscalmodel and the agetructured
multiscale model could reasonably describe this three phase viral
decline. The rapid first phase is associated with viral clearance, the
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intermediate second phase is only visible if the effect of blocking
VRNA packaging is céo® 1 and the third phase reflects infected

cell clearance. In contrast to the other two models, the-age
structured multiscale model is relatively complicated to analyse.
There exist easy approximations but those cannot be easily adapted
for modelling ful PKPD.

ConclusionsThe new variant of a multiscale model proposed here
is able to describe the viral kinetics of HCV under these new
treatments without a computational effort.
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Nadia TerranovaAnalysis of individual target lesions
for tumor sizemodels of drug resistance: a new
methodology encompassing signal processing and
machine learning

N. Terranova (1), P. Girard (1), U. Klinkhardt (2, 3), A. Munafo (1)
(1) Merck Institute for Pharmacometrics, Merck Serono S.A.,
Lausanne, Switzerland, (2) Mk KGaA, Darmstadt, Germany, (3)
Current affiliation: CureVac GmbH, CureVac GmbH;Hrali€RStr.
15, Tubingen 72076, Germany

Objectives:Exploratory data analysis is a fundamental step in the
model development effort. It becomes even more relevant when
for developing semmechanistic tumor size models of drug
resistance, we consider individual target lesions rather than their
sum [1]. In this work, we propose a new methodology, inspired by
signal processing and machine learning, for clustering cledsifi
individual tumor lesions according to the degree of similarity in their
dynamics. Resulting information can drive the modeler in rationally
selecting the most appropriate modeling strategy for describing the
tumor resistance profile of cancer patients.

Methods: A new classification of tumor individual target lesions,
based on functional and location criteria, was defined, validated by
a clinical expert and applied to clinical studies in metastatic
colorectal cancer (mCRC). This classification was impkeché

SAS® software through keywords recognition on the lesion
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description recorded by physicians. When lesions were similarly
classified for one patient, the sum of tumor measures was

computed. Cross correlation (CC) was used to measure the similarity
among classified lesion dynamics by also considering potential
delays. Resulting correlations were clustered withné&ans to

obtain a straightforward and overall interpretation. Both methods

are part of theStatspackage in R [2].

ResultsWe have classifte2038 individual target lesions, selected

and measured according to the WHO criteria, of 642 mCRC patients
from two Phase Il studies. CCs have been estimated for 216 patients
with multiple classified individual lesions, and clustered. Results
from both sudies are consistent across tested scenarios and
highlight a similar tumor dynamics in about the 60986 of

classified lesions. The degree of similarity decreases when
computed without considering any delay between lesion dynamics.

ConclusionsThe proposd methodology, by integrating knowledge
from other fields, provides a novel and suitable workflow for the
non-parametric analysis of individual target lesions prior to any
modeling step. Our approach is flexible enough to be applied to any
case study. Morever, by coupling the information on the target
tumor metastases along with the lesion dynamics, it enables the
modeler to precisely evaluate the maximum information gain
obtainable by considering individual tumor lesions in tumor size
modeling of resistace to anticancer drugs.

This work was supported by the DDMoRe project
(www.ddmore.eu).
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Nelleke SneldePKPD modelling of the relationship
between testosterone and PSA in patients with
prostate cancer during treatment with leuproreliiq
What is the optimal testosterone level?

N. Snelder(1), H. Drenth(1), K. Bergmann(1), N. Wood(2), M.
Hibberd(3, and G. Scott(2)
(1) LAP&P Consultants BV, Leiden, The Netherlands, (2) Takeda
Development Centre Europe Ltd, London, United Kingdom

Objectives:The main goal in the treatment of prostate cancer with
gonadotropinreleasing hormone (GnRH) agonists isdbiave and
maintain testosterone concentrations below castration level.
However, this level is based on available, and improving,
measurement techniques, while a relationship between
testosterone and clinical outcome, i.e. survival [1], is lacking.
Prostae specific antigen (PSA) serum concentrations are used as a
surrogate marker for disease control in clinical practice [2]. This
investigation aimed to characterize, in a quantitative manner, the
relationship between leuprorelin (a GnRH agonist), testostero

and PSA concentrations over time in order to aid identification of a
target testosterone concentration which optimises the balance of
the benefits of testosterone suppression whilst reducing the risks of
futile oversupression.

Methods: Data from a singl dose study to investigate the effect of

leuprorelin in a 6 month depot formulation on testosterone and PSA
in prostate cancer patients were analysed using a population
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pharmacokinetiepharmacodynamic (PKPD) modelling approach.
The developed model was giféed using external data from two
clinical studies, in which the effect of different formulations of
leuprorelin on PSA and/or testosterone was evaluated in healthy
elderly male volunteers and in prostate cancer patients,
respectively.

Results:The effet of leuprorelin on the relationship between
testosterone and PSA was adequately characterized by the Romero
model [3] with minor modifications, combined with a turnover

model to describe the delay in response between testosterone and
PSA. A model based time assumption that PSA concentrations do
not decrease anymore even when testosterone concentrations
would go to zero resulted in a significantly better description of the
data, than a model assuming that both PSA and testosterone
concentrations could gto zero.

ConclusionsThe modelbased analysis suggests that reducing
testosterone concentrations below 35 ng/dL does not result in a
further decrease in PSA levels (>95% of the minimal PSA level is
reached). More data is required to support this relatibipsin the

lower testosterone and PSA range. Since the absolute minimal PSA
concentration reached during treatment with GnRH agonists is
largely determined by the PSA concentration before treatment, the
percentage reduction in PSA may be a better crittstaesponse to
treatment than the he absolute minimal PSA concentration.
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Anna Georgieva Kondiklodel-basedanalysis of the
relationship between pembrolizumab exposure and
efficacy in patients with melanoma and NSCLC: across
indication comparison

M. Chatterjee*, D.C. Turner*, M. Ahamadi*, Dinesh de Alwis*, J.
ElassaisSchaap**, T. Freshwater*, R de Greef*** ¢, K.
Mayawala*, J. Stone*, A. Kondic* (presenting author)
*-Merck Sharp and Dohme, 126 E Lincoln Ave, Rahway, NJ 07065;
;**PD Value; ***--Quantitative Solutions;Pivot Park Molenweg 79,
5349 AC Oss The Netherlands

Objectives:Toquantify the relationship between exposure to the
Programmed Cell Death 1 (Rpinhibitor pembrolizumab in serum
(AUC over 6 weeks at steady state) and the-amtior response in
patients with melanoma and NeS@mall Cell Lung Cancer (NSCLC),
measured astte sum of the longest dimension (SLD) of the tumor
lesions. An additional goal is to create a modeling framework that
can quantify the time course of tumor growth and shrinkage and
characterize potential differences between melanoma and NSCLC
indications.

Methods: NorHlinear mixed effects modeling approach was used,
where the structural model was parameterized with both fioster
tumor growth and shrinkage rates. As pembrolizumab binds to
immune cells rather than tumor cells, its effect was linked to
shrinkage rate. In addition, the model assumes that some fraction of
the tumor mass to be accessible for immumediated antitumor
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effect with the remaining tumor portion insensitive to treatment.
Population parameter values and interdividual variability wee
estimated from the available data via NONMEM 7.2, using SAEM for
parameter estimation, and importance sampling (IMP) estimation
method for likelihood evaluation. Simulations were conducted with
final parameter estimates and compared to clinical data. .

Results:A total of 897 melanoma and 496 NSCLC patients were
analyzed. Observed tumor size data showed a wihgje of
longitudinal response patterns, watharacterized by the model.
Model parameters were estimated with good precision. The analysis
demondrates an esseintially flat relationship between exposure and
reduction in tumor size in the dose range studied. Comparing model
parameters between the two indications suggest that the tumor
growth characteristics are indicatiespecific with the growth tem

for melanoma predicted to be half of that for NSCLC. The model
predicts that the drug effect on antitumor response is similar across
indications, consistent with its pharmacological mechanism (binding
to systemic Tcells that elicits a downstream tumoell clearance).

ConclusionsThe exposurgesponse modeling approach applied to
pembrolizumab has been an important component in optimizing the
current clinical dose of 2 mg/kg Q3W, demonstrating comparable
efficacy to 10 mg/kg Q3W. The model presentedehghows

promise as a tool in providing an integrative look across indication,
delineating systenspecific properties from drugpecific properties.
While the results are premature with two indications analyzed thus
far, this approach will also be extendexlother solid tumors.
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Pauline MazzocctModeling the emergence of
resistance in lowgrade glioma patients treated with
temozolomide, and simulationsising a stochastic
approach

P. Mazzocco (1), F. Ducray (2), A. Lecl8amgson (3)
(1) Inria, Projecteam NUMED, Ecole Normale Supérieure de Lyon,
nc FEt€tSS RQLGIEASSE cohonnt [&2y [/ SR
Lyon, Hopital Neurologique, Newoocologie,Lyon, 69003 France;
Inserm U1028 ; CNRS UMR5292 ; LyonNeuroscience Research
Center, Neurancology and Neuranflammation team, Lyon;F
69000, France; University Lyon 1, Lye@9600, France (3)
Université Joseph Fourier, Grenoble, UFR IM2AGdtaire Jean
Kuntzmann, UMR CNRS 5224; 38 041 Grenoble Cedex 09.

Objectives:To develop a mixedffect modeling framework to
describe the emergence of resistance in igrade glioma (LGG)
patients treated with temozolomide (TMZ).

Methods: We analyzed a daset containing mean tumor diameters
(MTD) in 77 LGG patients, treated with filisie TMZ, representing a
total of 952 observations. TMZ is known to induce DNA mutations
that decrease chemo sensibility of the tumor. Almost half of the
patients (n = 34, 44) experienced tumor progression during
treatment.

We proposed a mixedffect model, using ordinary differential
equations (ODE), to describe the observed MTD, especially the
resistance phenomenon. To this purpose, we modified a previously
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published mode[1] and added a supopulation of resistant cells to
describe the emergence of resistance in a more mechanistic
manner. We tested different hypotheses for the emergence of
resistance, including mutations due to TMZ and random mutations
that can occur at antime. The best model was chosen according to
the regular selection criteria. Model parameters were estimated in a
population context, using Monolix [2] (Lixoft [3]).

ODE model parameter estimates were then used to simulate tumor
dynamics through a stocktic approach. That later introduced

some randomness that compensated effects of factors that were
not included in the model, such as environmental factors. We
implemented stochastic differential equations (SDE) in Matlab to
allow for some randomness indtprocesses involved in tumor
evolution, before, during and after the treatment.

Results:We found that the best ODE model includes mutations due
to TMZ, as well as random mutations that can occur before, during
and after treatment. The model reproducedetitifferent tumor
dynamics observed in our population, including tumor progression
during treatment.

We then added noise on the TMZ clearance and on the mutation
parameters. Empirical distributions for time to progression, time to
tumor growth and minimafumor size were then derived from these
distributions.

ConclusionsOur results indicated that two different processes
were involved in the emergence of resistance: random mutations
and mutations due to TMZ chemotherapy. Thanks to simulations
with SDEs, epirical distributions were build for time to tumor
growth, time to progression and minimal tumor size. This modeling
framework could be used to test different therapeutic protocols for
TMZ administration, in order to delay the emergence of resistance
and prolong tumor response to treatment.
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Jae Eun AhModelling and Simulation of Motor
Symptom Measurements in Parkin2 y Q& 5 A &S| &
L-Dopa Administration

Jae Eun Ahn (1), Sridhar Duvvuri (1), Danny Chen (1), and David L.
Gray (2)
(1) PTx Neuroscience Clinical Pharmacology, Pfizer, Cambridge, MA;
(2) Neuroscience Research Unit, Pfizer, Cambridge, MA

Objectives:To simultaneously characterize multiple motor

a8YLWi2Y YSIFadaNBYSyida adzOK a az2@dS
'YAFASR tFNJAyazyQa 5AaSasS wkaAay
scores, finger tapping speed (root mean square angular velocity)
measured by Kinesia Technologyy R LJ- G A Sy 4 Qa NI LJ2 NJ
(ON/OFFstate times) after45 2 LI | RYAYAaUGNFI GA2Yy A
Disease (PD) patients.

Methods: L-Dopa exposureesponses were obtained as a part of a

phase 1B, randomized, subject and investigdtiond, sponsor

open, placebaontrolled, crossover efficacy, safety, and tolerability
dddzRe 2F || y20St O2YLRDhayawash y t I NJ
administered in the form of Sinemet during the open label period 1.
Analysis data consisted of 11 per protocol analysis subjects.
Pharnacokinetic and pharmacodynamic data were simultaneously
analyzed using NONMEM 7.3 [1].
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Results!UPDRS motor scoendfinger tapping speed data were
adequately described by an inhibitory Enead linear model with
effect compartments [2], respectively. lkd motor scores, baseline
dependency in response was not apparent in finger tapping speed.
The equilibrium hatfife for delay in effects was slightly shorter for
motor scores than finger tapping speed (0.74 hr vs. 1.2 hr). Patient
dairy records consistedf sleeping, off, on without dyskinesia, on
with nonrtroublesome dyskinesia, and on with troublesome
dyskinesia. Proportional odds model was initially applied with an
assumption that such data are ordered categorical with respect to L
Dopa exposure but #ndescription of such model to the data was
inadequate. % off time (wake) appeared to be proportional to
baseline motor scores.

ConclusionsMotor symptom measurements in PD patients were
characterized with respect toDopa exposures. Although motor

respamses such as UDPRS motor scores and finger tapping

demonstrated exposurB f | G SR OKlFy3Saz LI GASY
GKSe@ FSSt ahbé¢ 2N ahccCé¢ gl a KIFNR
exposure or other motor response in this small data set and study

design.

References:

[1] Beal SL, Sheiner LB, Boeckmann AJ & Bauer RJ (Eds.) NONMEM
Users Guides. 1982011. ICON Development Solutions, Ellicott City,
Maryland, USA.

[2] Cotin M, Riva R, Martinelli P, Albani F, Avoni P, and Baruzzi A,
Levodopa Therapy Monitorinin Patients With Parkinson Disease: a
KineticDynamic Approach, Therapeutic Drug Monitoring 23:-621

629 (2001)

Page |117



Poster: Drug/Disease modelinr@NS [102 | Wednesday 10:45
12:15

Mona AlameddineOptimal phase 2 dose selection
based on the relationship between exposure and
target occupancy

Mona Alameddine, Christophe Boetsch, Ronan Carnac, Patricia
SanwaldDucray and Nicolas Frey
Clinical Pharmadogy, Roche Innovation Center Basel, F.Hoffmann
La Roche

Objectives:Target occupancy is a useful metric to confirm drug
engagement with the target in early clinical phase and to potentially
predict the expected clinical response in the target patient
population. For most first in class compounds in Neuroscience there
is usually a high uncertainty on the link between TO and the clinical
response and it is a challenge to determine which doses should be
tested in Phase 2. To help the project team to addréss¢hallenge
for our drug X, a CNS small molecule currently in phase 1, we
proposed to build a population pharmacokinetic (PK) model and an
exposureTO model and to combine them to determine using
simulations the optimal number of doses that should be
investigated in Phase 2.

Methods: Using Phase 1 PK data a Population PK model was build
using NONMEM (Version 7.2.0). Using Phase 1 PET data an
exposure TO model was build using Phoenix NLME (Version 1.2). By
combining those 2 models, 2 steadystate TO tine profiles were
simulated for 7 different doses. For each dose, the percentages of
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hourly TO measurements within expected relevant region of
interests, three noroverlapping 3 predefined ranges of TO-GA@xo,
30-50%, 5680%) were calculated and were ugedselect the
number of doses to be investigated in Phase 2 to get an optimal
coverage of the TO range and to properly characterize the TO
clinical response relationship.

Results:Rich Pharmacokinetic (PK) data from 95 individuals were
adequately describebly a twacompartment Population PK model
with first order absorption and elimination. Body weight

significantly impacted Intecompartment Clearance and peripheral
volume while age significantly affected peripheral volume. An Emax
model adequately descrdal the PKTO relationship using sparse PK
and PET scans data in 9 individuals. TO simulations were performed
using a distribution of covariate from a historical trial in the same
target patient population in order to properly account for the
covariate impaton PK. By comparing the results of the 7 simulated
doses using graphical illustration, we determined that at least 3
doses should be investigated in Phase 2 to get an appropriate
coverage of the overall TO range compared to 2 doses.

ConclusionsWe succssfully leveraged the target occupancy
information collected in Phase 1 to identify the optimal number and
strength of doses to be evaluated in Phase 2 to properly
characterize the target occupanefficacy relationship that ensures
later a robust dose settion rationale for the confirmatory trials.
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Hesham AdSallamiDevelopment of a population
pharmacokinetiepharmacodynamic model o4 single
bolus dose of unfractionated heparin in paediatric
patients

Hesham S A$allami (1), Fiona Newall (2,3,5), Paul Monagle (2,3,5),
Vera Ignjatovic (2,3), Noel Cranswick (2,4), Stephen Duffull (1)
(1) School of Pharmacy, University of Otago, Dunétkw Zealand
(2) Department of Paediatrics, University of Melbourne, Australia (3)
adzZNR2OK / KAf RNByQa wSaSINODK Lyaid
Department of Pharmacology, University of Melbourne, Melbourne,
Australia (5) Clinical Haematology, RoyaAGhRNE y Q& | 2 & LJA
Melbourne Australia

Objectives:Unfractionated heparin (UFH) is the anticoagulant of
choice in paediatric patients undergoing a variety of cardiac
procedures. The ability to predict the desesponse relationship of
UFH is essential irraer to optimise its dosage. There are currently
no population pharmacokinetipharmacodynamic (PKPD) models
for UFH in paediatrics. The objectives of this work are to develop
and evaluate a PKPD model to predict the domsponse
relationship of UFH in maliatrics. Also, to explore the use of fat
free mass (FFM) to guide deswividualisation of UFH in this
population.

Methods: Data from 64 infants and children who receivedI®
IU/kg of UFH during cardiac angiography were analysed. Four
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plasma samplegere collected at baseline and at 15, 30, 45, and
120 minutes postlose. UFH concentration (231 measurements)
was quantified using a protamine titration assay. UFH effect (164
measurements) was quantified using activated partial
thromboplastin time (aPTTA PKPD model was fitted to the data
using the noAinear mixed effects modelling software NONMEM
v7.2. Various patient covariates such as age, weight (Wt), and FFM
were tested. The final model was evaluated using the likelihood
ratio test and visual prediive checks (VPCs).

Results:A onecompartment model with linear elimination provided
the best fit for the doseconcentration data. Wt and FFM had
substantial influence on model fit; FFM was preferred statistically. A
linear model provided the best fit fdhe concentratioreffect data
using the PPP&D sequential estimation method. Censored PD data
(above the upper limit of quantification) were accounted for using
the M3 method. The PKPD model performed well using visual
predictive checks.

ConclusionsA IKPD model to describe the tirmwurse of UFH

effect was developed in a paediatric population which received a
high single prophylactic bolus dose. FFM was shown to describe
drug disposition well and can potentially be used in dose calculation
after appropiate evaluation.
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Oskar Alskainterspecies scaling of the integrated
glucose insulin model

Oskar Alskar (1), Mats O. Karlsson (1), Maria C. Kjellsson (1)
(1) Pharmacometrics research group, Department of Pharmaceutical
biosciences, Uppsala University, Sweden

Background and objectiveThe integrated glucose insulin (IGI)
model is a seminechanisic model that describes glucose and
insulin concentrations in humans during glucose tolerance tests [1].
The obijective of this work was to investigate if the model can be
scaled to describe intravenous glucose tolerance test (IVGTT) data
from several prelkinical species.

Methods: Glucose and insulin concentrations from IVGTTs
performed in rats, mice, dogs, cats and humasswell as the body
weight of each subject was available for analysig][2n the first

step allometric scaling based on body weiglats investigated. The
most suitable value for the allometric exponent was investigated for
all parameters in the model, based on objective function value,
parameter uncertainty and model complexity. In the second step
species adaptations was investigateylscaling parameters with the
weight of organs relevant to that parameter in each species. The cat
data showed substantially different glucose and insulin profiles. For
this reason the cat data was excluded from model development to
not distort the alloméric scaling relationship. The glucose and
insulin baselines as well as the residual error were estimated for all
species.
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Results: Estimating one allometric exponent for clearances (0.85),
one exponent for volumes (0.9), one exponent for first phase
secetion (0.79) and fixing the exponent of rate constantsG®5
described the data well and kept the scaling complexity low.
Estimating an allometric exponent ftire power functions for

glucose effect on glucose production and insulin secretion (GPRG,
IPR5) did not improve the fit and they were fixed to the human
values. Dogs showed lower first phase secretion and stronger
second phase secretion of insulin than the model predicted and
these two parameters (IFST, IPRG) were estimated for dogs. Of the
invesigated scaling relationships with species specific organ weights
only liver weight on insulin clearance improved the fit. The final
model was applied to the cat data and IFST and IPRG was estimated
and displayed under prediction of glucose concentrations.

ConclusionsThe allometrically scaled IGI model can accurately
preclinical IVGTT data. The omnivores (mouse, human, rat) show
different insulin response to an intravenous glucose bolus dose
compared to carnivores (cat, dog). The allometrically scaled IGI
model can be used in drug development to facilitate better
translations of preclinical research into clinic.

References:

[1] Silber, H.E., et alAn integrated model for glucose and insulin
regulation in healthy volunteers and type 2 diabetic patients
following intravenous glucose provocatioiitie Journal of Clinical
Pharmacology, 2004.7(9): p. 11591171.

[2] Alonso, L.C., et aBimultaneous measurement of insulin
sensitivity, insulin secretion, and the disposition index in conscious
unhandled miceObesity, 201220(7): p. 14031412.

[3] Frangioudakis, G., et al’he intravenous glucose tolerance test
in cannulated Wistar rats: a robust method for the in vivo
assessment of glucostimulated insulin secretiodournal of
pharmacological and toxicajical methods, 200&7(2): p. 106113.
[4] lonut, V., et al.Novel canine models of obese prediabetes and

Page |123



mild type 2 diabetesAmerican Journal of Physioleg§yndocrinology
and Metabolism, 201®98(1): p. E3&48.

[5] Vicini, P., A. Caumo, and C. CopElie hot IVGTT two
compartment minimal model: indexes of glucose effectiveness and
insulin sensitivityAmerican Journal of Physiolegndocrinology
and Metabolism, 19972735): p. E10241032.

[6] Vicini, P., et alGlucose production during an VAT
deconvolution: validation with the tracgo-tracee clamp technique.
American Journal of Physiolegndocrinology and Metabolism,
1999.276(2): p. E2858:294.

[7] Wilkins, C., et alAssessment of the influence of fatty acids on
indices of insulin senisiity and myocellular lipid content by use of
magnetic resonance spectroscopy in catserican journal of
veterinary research, 20045(8): p. 10961099.

Page |124



Poster: Methodology New Modelling Approaches {05 |
Wednesday 10:482:15

Robert Anderssooseresponsetime modelling-
Second generation turnover model with integral
feedback control

Robert Andersson (1,2) Mats Jirstrand (2) Lambertus A. Peletier (3)
Michael J. Chappell (1) Neil D. Evansa(id Johan Gabrielsson (4)

(1) University of Warwick, Coventry, United Kingdom (2) Fraurrhofer
Chalmers Centre, Gothenburg, Sweden (3) Leiden University, Leiden,
The Netherlands (4) Swedish University of Agricultural Sciences,

Uppsala, Sweden

Objectives:To demonstrate the utility of a doseesponsetime
(DRT) model using a large preclinical biomarker dataset of nicotinic
acid (NiAc) induced changes on free fatty acids (FFA).

Methods: Data were collected from studies where different rates,
routes, and modesf NiAc provocations on the FFA time course had
been tested [1]. All information of the exposure were excluded in
order to use a DRT approach. Different models structures,
describing the biophase kinetics, were assessed and quantitatively
and qualitativey compared. The modeled biophase drug amount
was assumed to act as the “driving force of an inhibitory max
model which acted on the turnover of FFA. An integral feedback
controller was used to model the slow adaptation process that
forces FFA levels battkbaseline values under lorigrm NiAc
provocations. Finally, new numerical algorithms were applied,
which rely on sensitivity equations to robustly and efficiently
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compute the gradients of the approximate population likelihood
function in mixecdeffects nodelling [2].

Results:The DRT model successfully captured the behaviour of all
FFA time courses. The model predicted 90% adaptation within four
days of constantate infusions of NiAc, using rates that lead to
therapeutic concentrations. High consisterafythe

pharmacodynamic parameters was shown when compared to an
exposuredriven study by Tapani et al. [3].

ConclusionsThe versatility of the DRT approach was shown by
successfully fitting a DRT model to all FFA time courses. Different
feedback mechanisswere described, using moderator
compartments and integral feedback control. The consistency in the
pharmacodynamic parameters, when comparing to an expesure
driven approach, demonstrates the utility of DRT analysis in a wider
context.
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Yusuke Asaviathematical modeling by random
ordinary differential equations and their numerical
schemes

Yusuke Asai and Eva Herrmann
GoetheUniversity Frankfurt

Objectives:Random ordinary differential equations (RODES) are
introduced to build mathematical models with noise processes.
Numerical schemefor RODEs are developed via RGODBE
transformation and they are applied to biological models. The
accuracy of the schemes as well as their computational costs are
compared.

Methods: LotkaVolterra model and virus kinetic model are
randomized by addintyvo different types of noise processes.

In the first case, a Wiener process is adopted to make the predatory
rate fluctuated and noisy switching scenario is described in simple
prey-predator system. The explicit numerical schemes, namely
RODEH aylor scheras, stochastic linear multitep methods

(SLMMs) and the averaged schemes, are applied to the model.
The second example is a three compartment virus kinetics model
with spatial dependence. An Ornsteifhlenbeck process is taken as
a stochastic process attlde loss rate of virus is randomized. The
random patrtial differential equation (RPDE) is discretized with
respect to space and implicit schemes are tested to the
corresponding system of RODEs.
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Results:Two steady states, which have been reported in miétip
preys models, could be observed in the simulations. The averaged
schemes show the same convergence rate wiitel and multi

step Xorder schemes. Their computational costs are quite small
while the accuracy is relatively low comparing to higher order
schemes. The dimension of first example is low and no big
difference in computational cost is observed betweenTylor
schemes and SLMMs. On the other hand, the second example is of
high dimension due to the spatial discretization and computational
costs, especially between L&rder Ito-Taylor scheme and SLMM, is
quite apparent.

ConclusionsThe SLMMs have big advantage from the point of
computational costs especially when they are applied to large
systems. The implicit schemes are stable and can bkeapo stiff
systems or spatially discretized RODEs. Choosing appropriate type
of noise is still an open question and further investigation will be
necessary.

Referencesf1] Y. Asai, E. Herrmann, P.E. Kloeden, Stable
integration of stiff random ordinardifferential equations, Stoch.

Anal. Applns, 31 (2013) 23.3.

[2] Y. Asai and P.E. Kloeden; Numerical schemes for random ODEs
via stochastic differential equations, Communications in Applied
Analisys 17 (2013), No.3 & 4, 55P8.

[3] M. Tansky; Switchgqeffect in preypredator system, J. theor.

Biol. (1978) 70, 26271

[4] K. Wang and W. Wang; Propagation of HBV with spatial
dependence, Mathematical Biosciences 210 (2007)}9%8
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Hyunmoon BackA Mechanistic multicompartmental
Pharmacokinetic model for food effect of fenofibrate

Hyunrmoon Back (1), Byungjeong Song (1), Yun (1), JuRg
woo Chae (1), KwarbgKwon (1)
(1) College of Pharmacy, Chungnam National University, Korea

Objectives:Fenofibrate is a prodrug of the active metabolite
fenofibric acid and it is used for hypercholesterolemia and
hypertriglyceridemia. Absorption of fenofibrate is significantly
different after consumption of food [1]. The aim of this study was to
develop a mechanistic population pharmacokinetic model of
fenofibrate following food consumption in human.

Methods: A randomized, threavay crossover trial study was
conducted in 24 healthy Koae subjects (13 male, 11 female). PK
data collected after administration of fenofibrate 250mg and
different food type on three occasions, with axkek wash out
period between each drug administration. A mechanistic
multicompartmental PK model was develape NONMEM 7.3.0
[2]. Linear and nonlinear effect were evaluated for explaining
impact of food intake measured by calorie on fenofibrate
absorption. For explaining change of gastric emptying time of
fenofibrate affected by food, MTIME option lkawas asessed. For
evaluating the final PK model, visual predictive check was
performed.
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Results:Multi-compartment model with two physiological
compartments for fenofibrate and two additional compartments for
food consumption bestiescribed fenofibrate pharmacokinetics.
Amount of calorie intake was used to explain food effect and in our
final model. The absorption of fenofibrate was stimulated
depending on the amound of calorie in duodenum compartment.
The visual predictive checkRZ) was performed and the prediction
power of final model was acceptable.

ConclusionsA mechanistic multicompartmental PK model was
successfully developed and acceptable parameters were obtained
for explaining fenofibrate absorption variation after foodake.

Using this final model, we can simulate PK of fenofibrate following
food intake and make a quantification of fenofibrate concentration
depending on the amount of calorie.
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Kathryn BallSemiphysiological population
pharmacokiretic modelling of renal transporter
mediated clinical druedrug interactions

Kathryn Ball (1), Sylvain Fouliard (1), Yannick Parmentier (2),
Francgois Bouzom (2), Marylore Chenel (1)

(1) Clinical Pharmacokinetics and Pharmacometrics Department,
Institut deRecherches Internationales Servier, Suresnes, France, (2)
Nonclinical Pharmacokinetics and Biopharmaceutical Research

Department, Technologie Servier, Orleans, France

Objectives The onceseparate disciplines of population
pharmacokinetic (Pop PK) modefiand physiologically based
pharmacokinetic modelling (PBPK) are becoming more and more
frequently entwined. A population serphysiological PK model for
a Servier compound (S1) was built in order to (i) simulate renal
drug-drug interactions (DDI) prior ta clinical study, and (ii) to
estimate the inhibition constantiktom the clinical data.

Methods: A semiphysiological PK model was built for S1 as a victim
of DDI, with a separate compartment to represent renal tubule cells
[1]. The kinetic parameter @gfansportermediated active secretion
was estimated by fitting the model to Phase | clinical study data
(plasma and urine concentrations simultaneously). A PK model for
probenecid was constructed to provide the time course of inhibitor
concentrations, andhe in vitro K was used to provide the inhibition
potential and simulate the DDI with S1. The data from the
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subsequent clinical DDI study was then used to estimate the model
parameter K(resulting inas® | f h8WKQW | yR 02 YLI NB
the previausly usedn vitrovalue.

Results The extent of DDI predicted using the model amgitro K
was a 2fold increase in plasma AUC of S1 and &@dreduction
in S1 renal clearance. This was in agreement with the observed
interaction ratios (2Zfold increase in plasma AUC, Zdld reduction
Ay NByLFf O GudNIoW M wad estinfated with a
good precision, and was similar to thevitrovalue of 7.5 uM.

ConclusionsA good agreement was obtained between thevitro
(experimentally meagred) andin vivo(modelestimated) inhibition
parameter, which could give confidence in using this approach to
predict renal DD priori. Although there are relatively few

examples of renal DDI modelling in the literature, the extent of
renal transportermediated DDI is generally low, so physiologieally
structured population PK modelling could be used to replace clinical
DDl studies when a negligible interaction is predicted [2].
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Guillaume Baney®opulation PK model desitring
multiple peaks after a single oral administration of
buparlisib in healthy volunteers.

G. Baneyx (2),-H. Huang (3), C. Meille (1) and V. Duval (2)
Novartis Pharma AG, Translational Clinical Oncology (1) and
Oncology Clinical Pharmacology (2), BaSelitzerland. (3) Novartis
Pharmaceuticals Corporation, Oncology Clinical Pharmacology, East
Hanover, New Jersey, USA.

Objectives:Buparlisib is an anticancer drug inhibiting the PI3K
pathway [1] and presently in Phase 3 development. Visual
inspection ofbuparlisib plasma PK profiles showed multiple peaks
after oral administration in healthy volunteers (HVs) and cancer
patients. The objective of this study was to develop a PK model able
to describe the observed multiple peaks in healthy volunteers and
guartify the contribution of this phenomenon.

Methods: In a first step, plasma concentrations of 60 HVs from 3
Phase 1 studies collected up to 240h after a single oral
administration were used to develop a PK model structure including
a drug recirculation comgment. Then based on modeling results, an
additional sampling time was added to the design of a fourth Phase
1 study enrolling 16 HVs in order to confirm drug recirculation
hypothesis and better characterize this phenomenon. Finally, a
pooled analysis waserformed with all PK data from these studies.
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Model parameters were estimated using population approach with
Monolix 4.3.2 [2].

Results:A third compartment representing the gallbladder was
added to a classical 2 compartment disposition model in order to
mimic a potential biliary excretion of buparlisib. The release of
buparlisib amount stored in the gallbladder compartment was
assumed to occur only at 3 meal times per day and directly in depot
compartment. Meal times were estimated at 3, 9 and 21h postedo
which is in agreement with theoretical lunch, dinner and breakfast
times, respectively. Contribution of biliary excretion to buparlisib PK
is suggested to be an important component since the fraction of
dose excreted in bile was estimated to-30%.

Cortlusions:Buparlisib multiple peaks occurring around meal times
were well described by the proposed PK model suggesting an
entero-hepatic circulation which is in agreement with preclinical
results. This model will be applied to PK data in cancer patients
obtained after continuous daily dosing.
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Charlotte BarkerPopulation pharmacokinetics of
benzylpenicillin in neonates in routine care

Charlotte 1.S. Barker (1,2), Iblal Rakha (2), Karin Kipper (1), Mark A.
Turner (3), Mike Sharland (1), Joseph F. Standing (2)
OMO t I SRAFTGNRO LYTFSOiGA2dza 5A4&SlH a
University of London, (2) UCL Institute of Child Health, (3)
Depatment of Women's and Children's Health, University of
Liverpool

Objectives:Penicillin G remains widely used in neonates and, with
gentamicin, it forms the mainstay of standard treatment for early
onset sepsis in the UK. Despite widespread usage, the
pharmacokinetic/pharmacodynamic (PK/PD) data to support
current neonatal dosing regimens are limited. NAPPA is a
populationPK study utilizing opportunistic sampling strategies to
study the PK of penicillins during routine care of neonates/children.
This intenm analysis aimed to investigate the population PK of
penicillin G in the first cohort of neonatal participants.

Methods: Eligible neonates, receiving intravenous penicillin G as
part of routine care, were recruited at participating sites. The dosing
regimen was as per normal local NHS (National Health Service)
practice. After informed consent was obtained, study blood samples
(0.5mL each) were obtained by clinical staff at the time of routine
blood tests or blood gases. Samples were frozeB@degrees

Celsius and analysed retrospectively. The plasma samples were
analysed using higperformance liquid chromatography with
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tandem mass spectrometry. A populati®K model was fitted
simultaneously to the measured drug concentratiime data using
non-linearmixed-effects modelling software (NONMEM v7.3, Icon
plc). The study protocol was approved by an NRES Research Ethics
Committee.

Results:For the interim analysis, 102 evaluable samples were
available from 45 neonates (22 term; 23 preterm). Using NONMEM
v7.3, one, two- and threecompartment models were tested, using
FOCH method, and the objective function values were compared. A
two-compartment model was most suitable for these data; the final
parameter estimates were 0.10 L/h for clearance (CL) andlOf84
central volume of distribution, 0.03 L/h for intercompartmental CL
and 0.72 L for volume of the peripheral compartment.

Conclusionsin conclusion, a population PK model was developed
based on interim neonatal penicillin G data. A ts@mpartment
model resulted in the best fit to the data. Future work will include
the addition of allometric scaling and a function describing the
maturation of the glomerular filtration rate. Covariate analysis will
also be performed, to assess factors including birtihgive
gestational age, and renal function.
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Christian BartelRkelation of FEV1 to COPD Patient
Outcomes: A patient level pooled angdis of COPD
clinical trials

Christian Bartels(1), Peter D'Andrea(2), Donald Banerji(2), Robert
Fogel(2), Francesco Patalano(1), David Morris(1), Jessica Marvel(2)
(1)Novartis Pharma AG, Basel, Switzerland; (2)Novartis
Pharmaceuticals Corporation, East ldaer, NJ, USA

Objectives:The measurement of lung function by spirometry

(specifically FEYis routinely used to measure the efficacy of
ONRPYOK2RAfFTG2NED® | 26 SOSNE YSI adzNB
Ffaz2 AYLRNIFYyOG Fa Al RiybBfOGt e NBT
Previous studies have shown FE&n be a good predictor of future
morbidity, and mortality, patient reported outcomes (PROs) and
exacerbation frequency [1][2]; however, they did not include

information on COPD patients treated with a LABYMA

combination.

This patient level pooled analysis of COPD clinical trials further
characterizes the correlation between FEAhd patient outcomes

as measured by St Georges Respiratory Questionnaire (SGRQ) in
COPD patients treated with LABA (indacateliofMA
(glycopyrronium) and LABA/LAMA dual bronchodilator, QVA149
(fixed-dose combination of indacaterol maleate and glycopyrronium
bromide).
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Methods: Pooled data from twentghree randomized, parallel
group, placebeor activecontrolled studies (3 to 181onths

duration; 23,213 patients) on FEa&hd SGRQ scores in COPD
patients was analyzed using descriptive statistics of correlations.
Linear mixed effect models were used to determine, if changes in
FEVY can predict improvements in patient outcomes.

Resuls: Summary statistics showed statistically significant
correlations between FE¥nd SGRQ. Compared to patients with a
small response in FE\patients with larger response in FEMd on
average better SGRQ scores.

Longitudinal mixed effects models demdnaged that the change in
FEVY from baseline was predictive of change in SGRQ. The models
attributed part of the treatment efficacy in SGRQ to improvements
in FEY.

Analyses of simulated data generated assuming a strong association
of SGRQ and FEV1 andingkinto account variability of the FEV1
measurements illustrated that due to regression dilution bias[3] the
mixed effects models underestimate correlations.

ConclusionsThe analysis showed that there is a statistically
significant correlation between thaverage change in FEV1 from
baseline and change in SGRQ from baseline. FEV1 change from
baseline has been shown to be a predictive marker in assessing the
effectiveness of bronchodilation treatment in COPD patients. Due to
variability of FEMmeasuremens, correlations with other endpoints
are underestimated. Efficacy in SGRQ may be primarily due to
bronchodilation which is measured by REV
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Ana BastosA joint population pharmacokinetic model
of total and unbound temocillin serum concentrations
in hemodialysis patients

Miranda Bastos AC (1,2,3) , Vandecasteele SJ (4), Capron A (5),
Tulkens PM (1,3), Spinewine A (2,3), Van Bambeke F (1,3)
(1) Pharmacologie cellulaire et moléculaire, Louvain Drug Research
Institute, Universi catholique de Louvain, Brussels, Belgium (2)
Clinical Pharmacy Research Group, Louvain Drug Research Institute,
Université catholique de Louvain, Brussels, Belgium (3) Center for
Clinical Pharmacy, Université catholique de Louvain, Brussels,
Belgium (4Department Nephrology and Infectious Diseases, AZ
SintJan Bruggéostende AV, Bruges, Belgium (5) Department of
Clinical Chemistry, Cliniques Universitaires Saiot Université
Catholique de Louvain, Brussels, Belgium.

Objectives:Temocillin is a narrov8pectrum antigramnegative
beta-lactam antibiotic. Its pharmacokinetics in hemodialysis
patients have not been investigated yet. The purpose of this study
was to develop a model describing the pharmacokinetics of total
and unbound temocillin serum conceations in end stage renal
disease patients undergoing hemodialydis.addition, this study
aims to evaluate by simulation, the clinical performance of current
R2aAy3 NBIAYSy alactad efficacy iRieNpredigted i K I {
by the proportion of tle dosing interval during which unbound
concentrations remain above the MIC (minimal inhibitory
concentration) of the offending organism.
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Methods: 16 patients were administered a dose of 1, 2, or 3g of
temocillin (total of 61 doses) followed by an interdyéic period
(off-dialysis) of 20, 44, or 68h, respectively, and dialysis period of
4h. 429 serum samples were collected to measure total and
unbound concentrations. A population PK model was constructed
and evaluated by a bootstrap analysis (internal eaaibn, 1000
runs) and visual predictive check. A 1&bject Monte Carlo
simulation was conducted to determine 95% probability of target
FGadFrAYyYSydG ot ¢! pp0v @OSNEdIzA alL/ X
MIC) for measured unbound (free) drug. Data analyse®
performed using NONMEM 7.3, Pirana, PsN and R.

Results:Temocillin pharmacokinetics was best described by a two
compartment model, nodinear binding to albumin (Langmuir
model) and mixed order elimination. Base PK parameters were
allometric weight saled. Temocillin dialysis unbound clearance was
estimated to be 6.16 L/h resulting in marked reduction of temocillin
serum concentrations. PTA95 was obtained for a MIC ugnag/L,

for a typical thrice weekly hemodialysis regimen, with temaocillin
adminigered immediately after dialysis.

ConclusionsA joint model has been developed to describe the non
linear PK of total and unbound temocillin concentrations. Once the
total temocillin serum concentrations are known, the unbound
concentrations, which are @immacologically active, can be
predicted. This model might serve as a useful tool to provide
guidance in the optimization of temocillin dosing regimens in
hemodialysis patients.
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Stephan Benayinear compartmental
pharmacokinetic models : from continuousme
differential form to discrete time auteregression with
extra inputs. Application to system identification.

Stephan Benay and Athanassios lliadis
Dpt. of Pharmacokinetics, Aiarseille University, Inserm, CRO2 U
911, 13385 Marseille, France.

Objectives:Even for the simplest pharmacokinetic model, the state
variable isa nonlinear function with respect to the model
parameters. For this reason, given observations, parameter values
cannot be directly computed, but must be estimated by using
iterative optimization algorithms. Our proposal is to obtain linear
expressions othe state variables for the common pharmacokinetic
models, allowing computation of parameter values without using
iterative optimization algorithms.

Methods: The one and two-compartment models with infusion

have been transformed from their initial form tontinuous time

(set of firstorder linear differential equations) to a new form in
discretetime (linear transfer function between inputs and states).
The transform results in a polynomial form of the transfer function
called ARX (AutRegression withXétra inputs) involving a set of

new parameters obtained from the parameters involved in the
compartmental configuration. In the discretene ARX model, the
state variables are linear with respect to the parameters. Therefore,
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the parameter estimation halseen performed straightforwardly
without requiring an iterative algorithm. The ARX model parameters
have then been estimated using a least squares estimator [1], either
on the whole set of data, or recursively by incorporating new data

to the set as it beemes available. The ARX and the compartmental
parameters are linked by simple algebraic relationships.

Results:The method was applied on real pharmacokinetic data and
allowed to successfully estimate parameters of one compartment
(fotemustine) andwo-compartment (mitoxantrone) models

without using any optimization algorithm. Additionally, data was
simulated using a oreompartment model with MichaeliMenten
elimination. Using the ARX recursive least squares estimator, the
model with linear elimingon revealed able to track the time

varying elimination, and correlate it with the drug concentration to
discover the MichaelidMenten nonlinear relationship.

ConclusionsThe approach allows estimation of the system
parameters through direct, noiterative calculation. It also has the
potential to track apparent time/arying parameters and detect
nonlinearities in the process. These kinds of disctite, linearin-
parameters models should be proposed to be applied in the
population approaches for mixeeffects modeling or in the
optimization of experimental designs.

References:

[1] Ljung L, System Identification: Theory for the User, 2nd edition,
p. 609. 1999. Prentice Hall, New Jersey.
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Linnea BergenholnPopulation PKPD modelling of QRS
and PR intervals in conscious dogs.

Linnéa Bergenholm (1,2), Neil Evans (2), Michael Chappell (2),
Teresa Collins (3), Joanna Parkinson (4)

(1) Discovergpafety, Drug Safety and Metabolism, iIMED,
AstraZeneca, Mdélndal, Sweden, (2) Systems Modelling and
Simulation, School of Engineering, University of Warwick, Coventry,
UK, (3) Translational Safety, Drug Safety and Metabolism, IMED,

AstraZeneca, Alderley FaiUK, (4) Early Clinical Development,
Quantitative Clinical Pharmacology, IMED, AstraZeneca, MdIndal,
Sweden.

Objectives:To develop population PKPD models for describing
baseline and drugnduced changes in QRS and PR intervals in dogs
using standard teimetry data accessible in drug development.
Compare modelling results for a selection of compounds with
different mechanism of action.

Methods: Cardiac effects of three antiarrhythmics (AZD1305,
flecainide and quinidine) and two anticholinergics (AZD86&#8B a
AZD9164) were investigated in conscious dogs. Plasma
concentrations were quantified. Cardiac effects were monitored
using surgically implanted telemetry devices. Mixed effects PKPD
models were developed sequentially. Individual PK models were
used to dive PD modelling of vehicle and treatment QRS and PR
interval data. RR interval correction and circadian rhythm models
were investigated for identification of appropriate baseline models.
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Linear and nodinear direct and link models were tested to describe
the druginduced effects on QRS and PR intervals.

Results:(preliminary) Prolongation of QRS ranged froth%6 in
AZD1305, flecainide and quinidine and prolongation of PR frem 21
34% in for AZD1305, AZD8683, AZD9164 and flecainide. Population
PK models wie able to characterise the drug exposures well.
Preliminary results suggest that RR correction and circadian rhythm
improve fit to PR but not QRS interval data. Also, drug effects on PR
and QRS are best explained by linear models rather than power and
Ema models. The slopes of the BIRS relationships varied from 2

7 ms/uM unbound drug, while the slopes of the-PR relationships
were larger.

ConclusionsBaseline and druinduced effects on QRS and PR
intervals were successfully described for five commmisi These
models improve our understanding of the concentratieifiect
relationships and as such add value to the project teams and
decisionmakers. Also, these analyses could be used to investigate
the translational relationship between dogs and humarstentially
improving the prediction of QRS and PR effects in humans before
clinical trials.
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Aliénor Bergedimeto-event (TTE) modellingn drug
safety evaluation: a case study

Alienor Berges (1), Marc Cerou (1), Claire Ambery (1), Lia Liefaard
(1), Stefano Zamuner (1), Emilie Hénin (2), Chao Chen (1)
(1) Clinical Pharmacology Modelling and Simulation, GSK, UK. ; (2)
Université Claude Beard Lyonl, Lyon, France ; UMR CNRS LBBE
5558¢ équipe Evaluation et Modélisation des Effets thérapeutiques.
Hospices Civils de Lyon, Service de Pharmacologie Clinique et Essais
Thérapeutigues.

Objectives:The neobservedadverseeffect level (NOAEL) of audy
defined from animal studies is crucial for inferring a maximal safe
dose in human. However, several issues are associated with its
concept, determination and application. For example, simulations
showed that the NOAEL value which is identified fovargstudy
highly depends on dose and sample size3][IWe explored how
modelling the probability of toxicity as a continuous function of time
and dose across studies could potentially overcome these
limitations.

The objective of this current work is tpply a TTE approach to
histopathology toxicology data in rats for a test compound.

Methods: Binary histopathology data (presence/absence of toxicity,
but not severity) from 7 studies (from 6 to 26 week study duration)
were combined to develop a timdosetoxicity model. The data

were collected from each animal (n=137) once, at the time of
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terminal sacrifice. Parametric hazard modelling was conducted
using thesurvpackage in the R software (version 3.1.2) [4]. Model
selection was mainly based on biologipkusibility, AIC criteria,
standard error values and simulatidrased diagnostic plots.
Covariates like dose level were tested in a univariate and
multivariate manners.

Results:Due to the nature of data, the exact time of toxicity event
was unknownand all events were lef(toxicity appeared between
the study start and sacrifice) or righensored (toxicity had not
appeared at the time of sacrifice). Hence time of observation was
limited to a single time point per study, which resulted in 5 main
time points in the total dataset. There were 6 dose groups with
various sample sizes (from 9 rats in the lowest dose group to 136 in
the control group). The model of choice was a time dependent
hazard model with a weibull distribution and dose as significant
covariate. The diagnostic plots showed a satisfactory fit of the data,
despite the high degree of left censoring.

ConclusionThe diagnostic performance of the TTE model was
similar to a previous logit model applied to the same data [3].
However, the TTEpproach (including time as part of its definition)
showed a more mechanistic description of the time impact on
toxicity than the logit approach (including time as a covariate).
Provided sufficient number of time points, the TTE approach would
allow a bette prediction of event incidence across study durations
and would better inform the choice of experimental toxicity study
designs.

References:

[1] U.S. Department of Health and Human Services, Food and Drug
Administration, Center for Drug Evaluation ands&ach (CDER),
Center for Biologics Evaluation and Research (CBER). Guidance for
Industry, M3(R2) Nonclinical Safety Studies for the Conduct of
Human Clinical Trials and Marketing Authorization for
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[3] Glatard A, Berges A, Ambery C, Osborne J, Smith R, Hénin E,
Chen C. A moddlased approach to suppoNOAEL determination:
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http://www.stat.ucla.edu/david/teac/surv/R survival.pdf.
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Jan BerkhouSystems pharmacology modeling
describing osteoporotic disease progression in a
population of postmenopausal women receiving

placebo or alendronate

Jan Berkhout (1,2) , Julie A. Stone (3), Katia Me@thamme (1),
Bruno H.C. Stricker (4,5), Miriam C.J.M. Sturkenboom (1), Meindert
Danhof (2) and Teun M. Post (6)
(1) Department of Medical Informatics, Erasmus Medical Centre,
Rotterdam, The Netherlands, (2) Leiden Academic Centre for Drug
Research, Dision of Pharmacology, Leiden, The Netherlands, (3)
Merck Sharp & Dohme Corp., Whitehouse Station, NJ, USA, (4)
Department of Epidemiology, Erasmus Medical Centre, Rotterdam,
The Netherlands, (5) Drug Safety Unit, The Health Care Inspectorate,
The Hague, ThNetherlands, (6) Leiden experts on Advanced
Pharmacokinetics and Pharmacodynamics (LAP&P), Leiden, The
Netherlands

Objectives:A complete mechanisrhased model describing
osteoblast and osteoclast activity has been reduced in order to
apply it in a popudtion-approach. It was shown that the model
reduction did not jeopardize the dynamical properties of the model.
The reduced model was successfully applied to describe responses
in treatment with various doses of tibolone and/or calcium in
postmenopausal wamen. The objective of this study is to use the
previously established systems pharmacology model to test
whether it can also adequately describe the placebo and
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alendronate treatment response in BMD and other bone turnover
markers in an external populatiaf postmenopausal women.

Methods: Data were obtained from the Early Postmenopausal
Intervention Cohort (EPIC) study, gdar clinical trial of oral
alendronate in 1609 postmenopausal women randomly assigned in
a doubleblind manner to receive 2.5 or 5tfig alendronate once
daily or placebo to evaluate the potential to prevent osteoporosis
[1]. The model used is a mechanifased disease systems model
based on [2]. While maintaining the original model structure and
system parameter values, we added theraleonate treatment
function (as a disease independent proportional symptomatic
effect) and updated the BMD dynamics equation (to an indirect
response model) of this model and implemented this in the
population approach (NONMEM).

Results:The updated systas pharmacology model was shown to
adequately describe the alendronate and treatment response. The
final model yielded realistic parameter values that could be
estimated with good precision. Visual predictive checks of the final
model revealed that the dyamics of all biomarkers for all

treatment arms could be described to very good approximation
during the four study years. The final model allowed for simulations
of the dynamics in BMD and biomarkers and revealed a
symptomatic treatment effect for BSAP aadlisease modifying

effect for NTX and BMD.

ConclusionsWe have successfully extended a mechanissed
osteoporosis model based on an external dataset with a different
mechanism of action. Developing a robust model to describe the
treatment respons is of high importance to enable quantification

of drug effects, and eventually to guide the design of clinical trials
for osteoporosis treatment. Finally, this study shows the strength of
a systems pharmacology approach, which could also be of great
importance for other degenerative diseases.
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Marival BermejoLevel A IVIVC for Carbamazepine IR
formulations and in vitro dissolution specifications
using onestep approaches

| Gonzalegarcia (1, 3), V Mang&anjuan (2), M Merin@anjuan

(3), C Alvarelvare (4), J DiaGarzon (4), A Rodrigu®&onnin (4),

JJ Torrad®uran (4), A Garciarieta (5), IF Troconiz (1), M Bermejo
)

(1) Pharmacometrics and Systems Pharmacology. Pharmacy and
Pharmaceutical Technology Department. University of Navarra; (2)
Pharmacyand Pharmaceutical Technology Area. Miguel Hernandez

University; (3) Pharmacy and Pharmaceutical Technology

Department. University of Valencia; (4) Department of Pharmacy
and Pharmaceutical Technology, Complutense University of Madrid;

(5) Head of Servian Pharmacokinetics and Generics, Division of

Pharmacology and Clinical Evaluation, Department of Human Use
Medicines, Spanish Agency for Medicines and Health Care Products.

Introduction: In vitro-in vivocorrelations (IVIVC) are defined, almost
identicaly, by Food and Drug Administration (FDA) and European
Medicines Agency (EMA) as a predictive mathematical model
describing the relationship between amvitro property of a dosage
form and a relevanin vivoresponse. IVIVC can be useful in product
devebpment for quantifying then vitrorelease, evaluating
formulation related effects on absorption, supporting in quality
control for certain scaleip and post approval changes, and as a tool
for settingin vitro dissolution specifications.
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Objectives:Thepurpose of this work is to establish standard
dissolution specifications based on a novel approach to erigure
vivobioequivalence for a drug using simulated data.

Methods: A level A IVIVC was developed using differential
equations. A oneompartment model was assumed for drug
disposition. Absorption and elimination were defined as first order
processes.The internal validation of the IVIVC was performed using
a VPC (n=1000) Then, new formulations were tested using
stochastic simulations iorder to establish the dissolution
specification limits based on the 90% confidence interval of the p50
of the Cmax and AUC. Simulated data were fitted usinglinesar
mixed-effects modelling implemented in NONMEM 7.2. Simulations
were performed using Ps&hd the R software.

Results:Differential equations method was successfully applied to
establish a level A IVIVC and internal was achieved according to FDA
and EMA limits. AUC and Cmax results from the 500 simulations of
the new formulations were represged. In vivopredicted profiles

based on each formulation were plotted. Dissolution specification
limits were calculated based on the formulations which successfully
achieved the 90% CI.

ConclusionsA new method to establisim vitrodissolution
specifiations has been developed incorporatimgvitro andin vivo
interindividual and residual variability. This method is more
restrictive, but guarantees bioequivalence standards for the new
formulations developed based on the IVIVC previously established.

References:

[1] EMA,Guideline on quality of oral modified release products
2014.

[2] FDAGuidance for industry. Extended release oral dosage forms:
development, evaluation and application of in vitro/in vivo
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Julie BertrandBayesian Variable Selection for high
throughput genetic association analysis in population
pharmacokinetics.

Julie Bertrand (1), Maria de lorio (2), Celine Verstuyft (3), Monidarin
Chou (4), AnndMarie Taburet (5), David Haas (6) and David J
Balding (1).

(1) University College London Genetics Institute, London, UK, (2)
University College London Statistical Science Department, London,
UK, (3) Departments of Molecular Genetics, Pharmacogenetic, and

Hormonology, Assistance Publique Hopitaux de Paris, Hopital
Bicetre, Paris, France, and Univ P&igl, EA2706, France, (4)

Rodolphe Merieux Laboratory, Faculty of Pharmacy, University of

Health Sciences, Phnom Penh, Cambodia, (5) Clinical Pharmacy
Department, Assistance Publique Hopitaux de Paris, Hopital Bicetre,
Paris, France, (6) Center for Human Genetics Research, Departments

of Medicine and Pharmacology, Pathology, Microbiology &

Immunology, Vanderbilt University School of Medicine, Nashville,

Tennessee, USA.

Rational:In population pharmacokinetics (PK), thiarglard genetic
association analysis is a stepwise procedure. We have shown that an
integrated approach, simultaneously estimating the PK parameters
and the genetic effect sizes, is as powerful in large samples and
more powerful to detect single nucleotigemlymorphism (SNP)
associations with multiple PK parameters [1]. Bayesian Variable
Selection (BVS) is growing in importance in #ilgbughput genetic
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association studies, and represents another attractive alternative
which can manage both complex studsstgns and missing genetic
data.

Objectives:i) to compare in a simulation study BVS with a stepwise
procedure and an integrated approach and ii) to apply BVS to the
analysis of nevirapine pharmacogenetics on data from the PECAN
ANRS 12154 study.

Methods: BVS was implemented, using the r2jags package, as
described by Kuo and Mallik [2]: an indicator variable dictates which
SNPs are associated with the PK parameter of interest. We used
Bernoulli and Normal priors for the SNPs indicators and effect sizes
regpectively. SNPs are selected based on the posterior probability
distribution of their indicator approximated by means of the

Markov chain Monte Carlo algorithm.

In the simulation study, we analysed 200 data sets of N=300
subjects with n=6 concentrationsoin a two compartments PK
model and the genotypes for 1227 SNPs, where 6 unobserved
causal variants were associated to the drug oral clearance.

In the PECAN ANRS 12154 study, we analysed 129 patients with
trough concentrations on two occasions (after 18 &tédweeks of
treatment) among which 10 patients also had complete PK profiles
(6 samples) and the genotypes for 134 SNPs.

ResultsBVS detected 216 of the 1200 true signals in the simulation
versus 367 and 340 for the stepwise procedure and the integrated
approach and 21 false positives versus 34 and 13, respectively.

Using BVS, we found the clearance of nevirapine iAmié¢ted
Cambodians to be associated with the rs7246456 (in linkage
disequilibrium with rs3745274 atx 0.6) and with the rs2279343.
Thus, we replicated two out of the three associations found in [3],
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where a stepwise procedure was performed using the oral
clearance empirical Bayes estimates as phenotypes.

ConclusionAlthough simulation study results were not yet
competitive, this was minitial attempt and we will explore further
developments [2].

References:

[1] Bertrand J, De lorio M, Balding DJ. Integrating dynamic mixed
effect modelling and penalized regression to explore genetic
association with pharmacokinetics. Pharmacogendgliesaom.

(2015). In press.
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Shanshan BiWodel-Based MetaAnalysis (MBMA) for
direct-acting antiviral (DAA) agents in the Treatment
of Chronic HCV

Shanshan Bi, Jenny Zheng, Liang Li, Hechuan Wang, Zheng Guan,
Fengbo Xie, Gailing Li

Objectives:To understad the underlying mechanisms of each class
of directacting antiviral (DAAs) agents and/or their interplay when
co-administered for the treatment of chronic HCV and also to
predict long term efficacy from early clinical outcome, using Model
Based MetaAnalysis.

Methods: A mechanisnbased PK/PD model was developed to

model the dynamics of hepatitis C virus and the antiviral effect of
selected DAAs. 3 DAAs (NS3/4A and NS5A inhibitor) were selected
to build the dynamic model. The data sources are collected from
extensive literature search based on PUBMED and
http://www.natap.org from year 2007 to 2013. The final model
described the viral kinetic in hepatitis C via a biphasic decline in viral
load with a rapid first phase lasting2ldays followed by a slower
phase [1]. We learned that the initial rate of viral decline did not
depend on the DAAs dose from the published representative data. A
linear model with a breakpoint for the beginning time of the HCV
relapse was used. A parameter of inhibitions for the virus

production was estimated to describe the DAAs effect for these 3
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compounds, respectively. The comparison of the potency for the 3
DAAs was evaluated.

Results:The model was developed using summary levels data from

5 clinical trials, 17 unique arms, and @ssed by internal evaluation
techniques. The beginning time for the relapse after virological
response were estimated to be 2.75 days (NS3/4A), 2 days (NS5A)
and 2.31 days (NS5A) for these 3 DAAs, respectively. The drug effect
for the rapid first phase wer different from the slower phase. The
coefficient for the inhibition of the virus production of the NS3A/4A
inhibitor was estimated to be 0.234 and 0.32 for the biphasic

decline, respectively. And the NS5A inhibitors have fdi@

greater drug potency thn the NS3A/4A inhibitor.

ConclusionsThis study demonstrates the application of MBMA in
the field of HCV treatment. The modeling and simulation results will
be used to improve confidence in the selection of DAA
combinations.

omMB8 [ I SGAGA PerelsbnyViral Kinetio mddélimgystate df
the art. J Pharmacokinet Pharmacodyn. 2014 Oct;41(5)4&31
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Andrzej Bienczalkopulation
Pharmacokinetic/Pharmacogenetic Analysis of
Nevirapine in African Children

Andrzej Bienczak (1), Sandra Castel (1), Quirine Fillekes (2), Lubbe
Wiesner (1), Andrew Owen (3), Sarah Walker (4), Diana Gibb (4),
David Burger (2), Helen Mcllleron (1), Paolotb@n) and
CHAPAS1/CHAPASS Study Teams
(1) Division of Clinical Pharmacology, Department of Medicine,
University of Cape Town, Cape Town, South Africa; (2) Department
of Pharmacy, Radboud University Nijmegen Medical Centre,
Nijmegen, the Netherlands; (3gpartment of Molecular and
Clinical Pharmacology, University of Liverpool, Liverpool, United
Kingdom (4) MRC Clinical Trials Unit, London, United Kingdom;

Objectives:Nevirapine is a NNRTI widely used for treatment of HIV
infected adults and children. i imetabolised b YP3A4nd
CYP2B#fL]. CYP2Bpolymorphisms significantly influence the
disposition of the drug and their prevalence differs between
populations [2].

The aim was to characterise the pharmacokinetics (PK) of nevirapine
in African children and to identify patient characteristics influencing
its disposition

Methods: Data were pooled from two clinical trials in HIV positive
children at four sites in Uganda and Zambia. In the CHAPASL1 study,
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7 samples were collected at a singlK visit in 84 children (aged
0.2515 yrs). In the CHAPAS3 study, 2 samples were collected on 4
PK visits, in 334 children (aged G1A&35 yrs) followed

longitudinally for 2 years. Concentrations below the lower limit of
guantification (LLOQ; 0.0195 vhy were imputed as LLOQ/2 [3].

Model building was conducted using NONMEM 7.3 (F(pCE
following an approach previously suggested to combine intensive
and sparse data [4]. Allometric scaling [5] was conducted to account
for the effect of body size, and thefluence of age an@YP2B6
genotype on CL were investigated.

Model building was guided by differences in objective function
value (OFV) and diagnostic plots, including visual predictive checks.

Results:A total of 2989 nevirapine concentrations were irdgd in
the analysis and were best described usingathpartment model
with absorption through a series of transit compartments and first
order elimination [6].

Besides the effect of weight through allometric scaling, the most
significant determinant ofievirapine PK waSYP2B616|983

genotype on CL [2]. Patients were allocated to 4 metaboliser groups
based on their genotype: fast (CL=1.87 L/h, for a 15.4 kg child),
intermediate (1.40 L/h), slow (0.87 L/h), and uigiaw (0.51 L/h).
Children with no aviéable genotype information (n=79) were
assigned to a group using a mixture model reflecting the prevalence
in the rest of the cohort [7].

Including terms to correct for the increased uncertainty in the time
of unobserved doses preceding the sparse samipigsoved fit,
leading to an increase in RUV and BOV in bioavailability.

No effect of maturation was detected.
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ConclusionsNevirapine metabolism in children is affected by a
composite effect of 2 SNPs in CYP2B6: 516GT (rs3745274) and
983TC (rs283994990he lack of significance of a maturation effect
could be due to small numbers under 2 years of age.
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Konstantinos BiliouridvatVPC: A Usefriendly Matlab
Tool for the Automatic Construction of Visual
Predictive Checks and Quantified Visual Predictive
Checks of Systems Pharmacology Models

Konstantinos Biliouris (1), Marc Lavielle (2), Mirjam N Trame (1)
(1) Center for Pharmacometrics and Systems Pharmacology,
Department of Pharmaceutics, College of Pharmacy, University of
Florida, Orlando, USA, (2) Inria Saclay, POPIX team, Saclay, France

Objectives:Quantitative Systems Pharmacology (QSP) models are
progressively entering the arena of contemporary pharmacology
[1]. The efficient implementation and evaluation of complex QSP
models necessitates the development of flexible computational
tools that are built into QSP mainstream software. The objective of
this study was to develop a versatile Matlahsed tool that
accommodates complex QSP models and executes Monte Carlo
simulations as well as automatic construction of Visual Predictive
Checks (VPCs) [2] and Quantified VPCs (QVPCs) [3].

Methods: A computation&tool, dubbed MatVPC, was built in

Matlab 2013a for the simulation and automatic construction of VPC
and QVPC plots of QSP models. In this tool, the user simply inputs i)
the NONMEMike dataset with observations, ii) the model

equations, iii) the modelgrameters, and MatVPC outputs VPCs,
QVPCs and Monte Carlo simulation plots at will. Unlike comparable
computational tools, MatVPC is a uniqueialbne package that
integrates the following: 1) it is publicly open, 2) it constructs VPC
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plots of complex @S models, 3) it offers automatic data binning
using a rigorous approach [4], 4) it constructs QVPC plots of
complex QSP models, 5) it performs Monte Carlo simulations of the
model and plots the results with any requested summary statistics
and 6) it provi@s the option of posplotting modification of

graphical settings.

Results:;Two models were implemented in MatVPC to illustrate its
functionality: i) a three compartment pharmacokinetic model with
oral and intravenous bolus dosing and ii) a pharmacodynamitel
describing the body weight time course. These models were
inserted in MatVPC and the respective VPCs and QVPCs were
generated. The VPCs constructed with MatVPC were validated
against VPCs constructed with the gold standard tools in
pharmacometrics @ammunity [5], PsN/Xpose (coupled with
NONMEM) and Monolix.

ConclusionsMatVPC is publicly available at
https://sourceforge.net/projects/matvpcand can be utilized by
users with little @ no prior Matlab experience. Collectively, MatVPC
constitutes a useful addition to the openly available toolboxes
exploited by quantitative as well as clinical pharmacologists.
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Sofia Birgerssomew micronized formulation does not
affect the population pharmacokinetic properties of
artemisinin.

Sofia Birgersson
University of Gothenburg

Objectives:Malaria is still a major health problem in the poorest
parts of the world. The highly effective first line treatment
recommended by the WHO is artemisifiiased combination
therapy. However, the emergence of multidrogsistant
Plasmodium falciparurparasites has started to diminish the
efficacy of these available drugs (1, 2). A new combination of
artemisinin with the long acting drug piperaquine has shown high
efficacy and tolerability in patients with uncomplicatBismodium
falciparuminfections (3). The aim of this study was to characterize
the population pharmacokinetics of single doses of artemisinin in
various formulations in healthy male Vietnamese volunteers and to
evaluate specifically the relative bioavaiility of two different
formulations.

Methods: Fifteen subjects received four different dose regimens of
a single dose of artemisinin; the micronized test formulation, 160
mg (T1), the conventional formulation, 160 mg (T2), the
conventional formulation, 25éhg (T3), and the micronized test
formulation, 160 mg, in combination with piperaquine, 360 mg,
(T4). Between each period there was a washout period of three
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weeks (i.e. fouway crossover). Venous plasma samples were
collected frequently up to twelve hog after dose in each period.
Artemisinin was quantified in plasma using liquid chromatography
coupled with tandem mass spectrometry. A nonlinear migéfdcts
modeling approach was utilized to evaluate the population
pharmacokinetic properties of the driand to investigate the
clinical impact of different formulations.

Results:The plasma concentratietime profiles for artemisinin

were adequately described by a tranaibsorption model with a
one-compartmentdisposition, in all four sequences simultaneously.
Influence of formulation, dose and possible interaction of
piperaquine was evaluated as categorical covariates in full covariate
approaches. No clinically significant differences between
formulations wereshown.

Conclusionsin conclusion, this is the first population
pharmacokinetic characterization aftemisininin healthy

volunteers. The new micronized formulation, dose or concomitant
piperaquine administration did not affect the pharmacokinetic
propetrties of artemisinin. The developed final model may be an
important tool to investigate new dosing regimeinssilicoand to

be implemented in clinical trial simulations for informative design of
future clinical trials.
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Henrik Bjugard Nybergnfluence of Covariance Step
Success on Final Parameter Estimates

Henrik Bjugard Nyberg (1,2), Andrew C. Hooker (1), Yasunori Aoki
1)
(1) Department of Pharmaceutical Biosciences, Uppsala University,
Uppsala, Sweden (2) Mango Solutions Ltd, Chippenham, United
Kingdom

Objectives:To determine if computational stability influences final
parameter estimates, and if so how we can assess the quality of the
parameter estimates from NONMEM output. Specifically we want

to determine whether a completed covariance stefNONMEM

has any bearing on the quality of the final parameter estimates.

Backgroundfor years there has been debate in the
pharmacometric community around whether the different success
criteria in NONMEM have any bearing on the quality of the final
paramder estimates. One study by Holford et al. using bootstrap
methodology concluded termination status was not an indicator of
the quality of parameter estimates [1]. Preconditioning [2] lets us
generate linearly reparameterized models resulting in different
computational stability. As the likelihood of the nonlinear mixed
effect model is invariant under linearqEarameterization, the
minimum OFVs of these models are the same.

Method: As an initial example, data for a single dose experiment
with 8 samples foeach of 32 individuals were simulated with a
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two-compartment, linear absorption PK model. We generated
10,000 reparameterised models with various levels of

computational stability using the precond tool in PsN [3,4]. The
condition number of the theoretidavariance covariance matrix was
varied between 10”6 to 10715. In addition, we perturbed the initial
estimates with a random uniform distribution within-20% of the
theoretical maximum likelihood parameters. Two groups of runs
were analyzed: 1. Minimiz&in and Covariance step successful. 2.
Minimization successful and Covariance step failed. A Wilcoxon rank
sum test was performed to determine if groups 1 and 2 differ in OFV
and theoretical condition numbers.

Results:The OFV of runs in group 2 differagdrsficantly from those
in group 1 with a pralue < 2.2e16. Group 2 also represents a
significantly higher theoretical condition number with p=1-3.e
Mean OFVs for the groups wetg9.6 for group 1 (n=7997) and
36.2 for group 2 (n=116). Mean conditionmbers were 2.8e+18
(group 1) and 2.1e+20 (group 2).

ConclusionThe quality of parameter estimates is clearly influenced
by computational stability, as measured by theoretical condition
number. Our investigation shows that a failed covariance step in
NONMEM estimation is a good predictor of lower quality parameter
estimates.

AcknowledgementThis work was supported by the DDMoRe
(www.ddmore.eu) project.
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Irina BondarevaPopulation modeling of changes in

steadycstate pharmacokinetics of carbamazepine

(CBZ) due to antiepileptic drugrug interactions from
therapeutic drugmonitoring (TDM) data

Irina Bondareva
The Research Institute of Physic&hemical Medicine, Russia

Objectives:Epilepsy is a chronic disease requiring long term
treatment with antiepileptic drugs (AEDs). While monotherapy is
considered as the gold stahdNR> LJ GASy (ia 6K2 R2Yy(
prescribed AED polytherapy. So called old AEDs are involved in
many interactions due to their pharmacokinetic (PK) properties.
Although the PK interactions are well documented in general, their
magnitude varies among glies. The objective of the study is to
evaluate changes in the CBZ population PK due to AED interactions
and to develop a nonlinear model describing CBZ heteroinduction
when another AED is added to a CBZ monotherapy from repeated
TDM data.

Methods: TDM dat were routinely collected in the Laboratory of
Pharmacokinetics of Moscow Medical University. Levels of
anticonvulsants were measured by high performance liquid
chromatography. The nonparametric population PK analysis was
performed using the USC*PACK waiite based on 460 TDM (peak
trough strategy) data files of adult epileptic patients who received
chronic CBanonotherapy or duotherapy. In the nonlinear model of
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CBZ heteroinduction, the metabolic rate of elimination
asymptotically changes from a monothesavalue (D) during time

lag (Lamda) to a value (D+A) after heteroinduction. The model was
fitted by the NPEM to the multiple TDM data of 24 patients for
whom measured CBZ levels related to both-@##o and
polytherapy.

Results:The steadystate CBZmonatherapy halflives were

estimated as 3.2 50.6h (median = 10h) using a coempartment
model and TDM data of 100 adult epileptic patients. Great
interindividual variability of CBZ PK for both meand polytherapy
was observed (79 95% for the metabolicate). Heteroinduction
effects of CBZ metabolism by phenytoin and phenobarbital were
clearly demonstrated. The lack of significant influence of valproate
on CBZ total levels was obtained. The population parameter
estimates are in good agreement with thosgported in the

literature. Individual serum CBZ level/dose ratios in patients taking
CBZ plus AED were changed compared to the CBZ alone values.

ConclusionsThe study demonstrated wide inteand

intraindividual variability of CBZ pharmacokinetics dudiD
interactions and, taking into consideration narrow therapeutic

range, the need for individualizing when an AED is added to-a pre
existing AED regimen. Estimation of individual PK parameters might
help to optimize CBZ polytherapy in epileptic patidmised on
thoughtful TDM data.
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Jennifer BonneBuilding of a virtual paediatric cancer
population for physiologicallypasedpharmacokinetic
modelling and simulation in neonates, infants, and
children

Bonner J (1), Walsh C (1), Johnson T (2), Neuhoff S (2), Greystoke A
(1), Veal G (1)
(2)Northern Institute for Cancer Research, Newcastle University,
Newcastle, UK (2) Simcyp LimitCertara), Sheffield, UK

Objectives:Determination of appropriate dosing of many

anticancer agents in neonates and infants is a difficult task. Doses
are routinely reduced but little pharmacokinetic data exists to act as
guidance as to the magnitude tife reduction[1]. Physiologicaly
based pharmacokinetic (PBPK) modelling and simulation may assist
in dose selection but requires a virtual paediatric population
containing information on parameters that may affect PK that are
known to change with age[2However, physiological changes
affecting PK may also occur in cancer and these alterations may
change typical ontogeny functions. The aim of this work is to build a
virtual paediatric cancer population for use in PBPK modelling and
simulation.

Methods: Anonymised patient data/plasma samples from 153
paediatric cancer patients were used (age range 1 month to 19.8
years). Plasma alpkhacid glycoprotein (AAG) concentrations were
measured in 120 samples by ELISA. Relationships between height
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and age, weightrd height, and AAG and corrected GFR (cGFR) and
age were assessed by nonlinear regression. The slope and intercept
values from the height and weight curves were used to simulate
height and weight values for 2,000 virtual paediatric subjects within
Simcyp ersion 14.1. Comparison of patient ages, BSA, AAG, and
cGFR by cancer type were performed by the Krugkallis test with

5dzyyQa YdzZ GALX S O2YLI NRaz2ya G(Saido

Results:The relationship between height and weight was described
by a second order polynomial anceight vs. height by an
exponential function. Heights and weights in simulated individuals
created using the fitted equations did not differ significantly from
those produced by use of a virtual healthy volunteer population.
Plasma AAG concentrations in thaediatric cancer patients were
significantly higher than the normal range (Mean AAG
concentration in males was 2.24 mg/mL (64%CV) and in females
2.35 mg/mL (67%CV)) and no significant correlation with age was
seen as exists in healthy subjects. There masignificant

correlation between cGFR and age. No differences were observed in
AAG concentrations or cGFR between cancer types.

ConclusionsThese results show that while functions for height and
weight do not differ greatly from those observed for hbal

children, typical ontogeny functions for AAG and cGFR do not apply
to this paediatric cancer population, underscoring the need for a
special virtual population for modelling and simulation in children
with cancer.
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Ohk BoramPopulation pharmacokinetics of
Fimasartan

Boram Ohk, Joomi Lee, Satik Seong,MRi Gwon, Ha®Von Lee,
YoungRan Yoon
Clinical Trial Center, Department of Biomedical Science and BK21
plus program, Kyungpook National University Hospital and School,
Daegu, Korea

Objectives:Fimasartan, a novel angiotensin Il receptor blocker that
has been used fonypertension, is known to have intémdividual
pharmacokinetic(PK) variability. The aims of this study were to
develop a population PK model of Fimasartan in healthy Korean
subjects.

Methods: A randomized, opetabel, twoperiod, crossover
bioequivalencetaidy in 49 healthy male adults was performed. All
subjects were received either the test or reference formulation as
repeated 126mg oral dose of Fimasartan, followed by-aéek
washout period and administration of the alternate formulation.
Blood samplesvere drawn at O (pralose), 0.25, 0.5, 1, 1.5, 2, 3, 4,
6, 8, 12, 24, 36, and 48 hours after dosing. Plasma Fimasartan
concentrations were analyzed using AP1 3200. A population PK
analysis was conducted using NONMEM (Ver. 7.1).

Results:A 2compartment malel with firstorder absorption
provided the best fit from healthy subjects. Estimates of the
population PK parameter were as follov@; 85 L/h;V, 350 LK, 5
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h; Vp, 205 L/h;Q, 25 L/h. The visual predictive check (VPC) was
performed and the resukexhibited the acceptable predictive
performance of the final model.

ConclusionsA population PK model was successfully developed and
reasonable parameters were obtained. Further study will be
required to find out covariates affecting the PK parameters.

[This research was supported by Basic Science Research Program
through the National Research Foundation of Korea(NRF) funded by
the Ministry of Education(2013R1A1A2060131), the Korea Health 21
R&D Project, Ministry of Health & Welfare, Republic of Korea
(A070001) and the Bio&Medical Technology Development Program
of the National Research Foundation (NRF) funded by the Ministry
of Science, ICT& Future Planning, Republic of Korea (NRF
2013M3A9B6046416).]

References:

Kim S, Lee J, Shin D et al. Effect of remaition on the
pharmacokinetics of fimasartan:a singlese, opeAabel,Phase 1
study. Drug Design, Development and Therapy 2014;8:1723.

Page |176



Poster: Methodology New Modelling Approaches {27 |
Wednesday 10:482:15

Elisa BorellaPredictive assessments of
pharmacokinetic alterations in subjects with renal
disease

Elisa Borella (1), Italo Poggesi (2), Paolo Magni (1).
(1) Dipartimento di Ingegneria Industriale e dell'Informazione,
Universita degli Studii Pavia, Italy; (2) Quantitative
Sciences/ModeBased Drug Development, JanssBiag SpA, Italy.

Objectives:To find a model capable of predicting, relying on a
minimum amount of PK information in normal subjects, the effect
of renal impairment on the xposure of a drug. Three categories of
renal impairment (mild, moderate and severe) were considered
according to the KDIQO guideline.

Methods: For a list of 64 marketed drugs, PK descriptors and
recommended dosage adjustments for subjects with renal
impairment were obtained from the literature and other public
resources [1]. The considered PK descriptors were: clearance,
bioavailability, oral clearance, amount excreted unchanged in urine
(Ae), binding to plasma protein (ppb) and hepatic extraction ratio.
The PK changes due to the renal dysfunction were summarized
using the ratio between the AUC computed in subjects with renal
impairment and the AUC in healthy subjects. Two different types of
analyses were performed. The first one consisted in explorimg, fo
each level of renal impairment, the potential correlations between
the AUC ratios and the PK variables, implementing in R different
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methods, from multiple linear regression (MLR) to partial least
squares (PLS). The second approach consisted in clagsifgin
drugs, basing always on their PK parameters, in different levels of
risk of administering wrong dosage to renal impaired patients.
Different datamining and machinéearning methods were tested
using Orange 2.7 [2].

Results:A multiple regression (gressors selected by a stepwise
procedure) gave results with a reasonable degree of accuracy.
Besides, the regressors selected (Ae for mild and moderate, Ae and
ppb for severe renal impairment) find a physiological explanation.
The results of the regressianalysis were summarized in a sort of
GUNX RFBKO¢ KAAG23INI Ya gKAOK O2dz R
decisionmaking tool. As regards the classification problem, for a
binary class (risk and nsk) the best results in term of accuracy
were givernby Naive Bayes, Classification Trees and SVM. Setting a
threshold to discern risky and noisky administering situation, the
AUC predicted by the MLR were discretized and the percentage of
misclassifications was compared to those produced by the best
clasificators.

ConclusionsThis model can be considered a smarter statistical
analysis, which may provide a useful guidance for designing the
studies of new compounds, highlighting those cases that may need
additional investigations.

AcknowledgementsThis work was supported by the DDMoRe
project (www.ddmore.eu).
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Jens Borghardf New Parameterisation to Describe
Parallel Absorption Processes After Drug Inhalation

J.M. Borghardt (1, 2), B. Weber (2), A. Staab (2), C. Kloft (1)
(1) Dept. Clinical Pharmacy & Biochemistry, Institute ofrRaey,
Freie Universitaet Berlin, Germany; (2) Dept. Translational Medicine
and Clinical Pharmacology, Boehringer Ingelheim Pharma GmbH &
Co. KG, Germany

Objectives:Pulmonary absorption of inhaled drugs is a complex
process influenced by pulmonary depdwit patterns and

dissolution (1, 2). Parallel firstrder absorption processes were
demonstrated for inhaled drugs applying empirical models (3, 4). In
those models the total estimated fraction absorbed (lung dose) was
constrained to be between zero and @rProportionality factors for
each absorption process (Pwere estimated. The contribution of
each process to the lung dose was calculated dsuP{Pk.,).
Variability of PRwas assumed to be legormally distributed before
normalisation, which is inontrast to the usually applied logit
transformation, for which variability is assumed to be normally
distributed on the logitscale. The objective was to develop an
alternative parameterisation applying logiansformations, which
allow modelling fractins directly on a zero to one scale.

Methods: The new parameterisation for pulmonary absorption was
AYALANBR o0& a! ROFYOSR /2YLI NIYSY(
models applied to describe gastrointestinal (Gl) absorption (5). In

these models, transport thiagh transit Gl absorption
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compartments is described by transit rate constants. In the lung,
inhaled particles have to pass different airways, possibly
represented by multiple absorption compartments. In contrast to
the Gl tract, drug distribution across Ipuonary absorption
compartments was assumed to be instantaneous. Hence, fractions
(R) on a logitscale were estimated instead of transit rate constants.
While Frepresented drug input to absorption compartment-F
represented the remaining amount dfug available for subsequent
absorption compartments. The lung dose was estimated as a
fraction of the nominal inhaled dose. The new and previously
proposed parameterisations were applied to data (plasma and
urine) of inhaled olodaterol.

Results:Without allowing for interindividual variability (11V), both
parameterisations provided numerically identical description of the
data. This was expected since it can be shown that the
parameterisations are mutually transformable functions. When
including IV, thenew parameterisation provided a numerically
better description of the data.

ConclusionsA new parameterisation for parallel pulmonary
absorption processes was successfully developed. The
parameterisation allowed to adequately describe PK data after
olodaterol inhalation. Additionally the new parameterisation might
also facilitate interpretation of parameters.
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Rolien BosciA mechanisrdbased model is able to
simultaneously explain the effect of rhLCAT and HDL
mimetics on biomarkers of reverse ofesterol
transport

Rolien Bosch (1), Kirsten Bergmann (1), Paul Baverel (2), David
Fairman (2)*, Peter Vis (1), Balaji Agoram (2)
1 LAP&P Consultants BV, 2 Medimmune, Cambridge, UK *Current
affiliation: GSK, Stevenage, UK

Objectives: To develop a mathential model that describes the
effect of IV administration of recombinant human Lecithin
cholesterol acyltransferase (rhLCAT) and HDL mimetics on
biomarkers of reverse cholesterol transport (RCT) in humans.

Methods: The systems model was built using NOMME7 with

clinical data combining thouse individual rhLCAT [1,2] exposure,

lipid biomarkers (high density lipoprotesholesterol HDLc, and
cholesterylester CE) and summary level data of HDL mimetics
derived from literature[3,4,5]. The model was evalted using

VPCs plus sensitivity analyses and was externally qualified using two
independent clinical studies of HDL mimetics [5, 6].

Results:Although stimulation of RAdy HDL mimetics and rhLCAT
are related to different mechanisms of actidhg developed eight
compartment mechanistic model was able to adequately describe
both the observed plasma rhLCAT concentrations and the-time
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course of relevant biomarkers, including the fraction of esterified
and unesterified cholesterol within HDL pale®. Both internal and
external model validation using VPC showed adequate model fit and
good predictive performance. HDLc AUC showed high correlation
with the amount of cholesterol movement from the peripheral

tissue and can be used to compare the effadftsiDL mimetics with
rhLCAT on RCT.

ConclusionsWe have generated a model that describes the time
dependent dynamics of lipid biomarkers within HDL particles by
integrating literature and study data from two compounds with

different mechanisms of actioiThis is the first to integrate the

effects of HDL mimetics and rhLCAT preparations on RCT and

describes both the conformational change of the HDL particle from

prei-l 5[ G2 h1 5[ Fa gStf Fa GKS STFS
change on the efflux of cholestd.
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Marion BouillonPichaultLongitudinal ModeiBased
Meta-Analysis in Type 2 Diabetes: Assessment of link
between fasting plama glucose and Hbalc.

Marion BouillonPichault, Bernard Sebastien, Clemence Rigaux
Sanofi R&D

Objectives:The link between fasting plasma glucose (FPG) and
glycosylated haemoglobin (HbAlc) has previously been described
using empiricatorrelations at steady state and semechanistic
modeling for few antdiabetic compounds. In particular, the
correlation between HbAlc and FPG has been established in several
studies (1)(2). Although these correlations or models have been
calculated or dveloped on large populations of subjects, they have
generally not been assessed and compared across different types of
treatments. To that end, a model based metaalysis was

performed to assess the link between FPG and Hbalc over a large
set of antidiabetic drug class.

Methods: The analysis database was made of publicly available
summary results from Type 2 Diabetes clinical trials published in the
medical literature. Only monotherapy treatment arms from
randomized controlled studies with at least 12eks duration, with
documented HbAlbc with fasting plasma glucose data, were
included in the analysis database. Only drug classes including more
than 5 trials were kept, to ensure a sufficient representation of each
drug class. The data were analyzed intbe-linear mixed effect
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model framework, using Monolix 4.3.3, considering trial arm as
individual, with mean change (from study baseline) HbAlc as
dependent variable and mean change in FPG as explanatory variable

©)ICF

Results:A general empirical modelas established linking FPG to
HbALlc. Trial arms were used as ID and the residual variability was
weighted by the square root of the number of measurements at

each time point, to account for summary data precision. Several
covariates were integrated in ghmodel: treatment drug class,
washout, gender and age. The model was qualified, using Goodness
of fit plots, Visual Predictive Checks and other classical diagnosis
criteria generated from an external database made of 100 studies
previously removed from # model development database for

model qualification.

ConclusionBYy predicting long term HbAlc response given shorter
terms glycemia, this work will help phase 2 decision making and
designing phase 3 in T2DM.
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Karl BrendeHow to consider microdosing data in a
population PK analysis?

Brendel K.(1), Tessier A(2), Chenel M(1).
(1)Department of Clinical Pharmacokinetics and Pharmacometrics,
SERVIER, Fran¢2)INSERM, IAME, UMR 1137 France

Introduction: Human microdosing (MD) studies are used in the
context of drug development in order to have a better knowledge of
pharmacokinetics (PK) of a drug (i.e. absolute bioavailability
determination)(1). MD studieare usully performed in a limited
number of volunteers. However the integration of MD data in PK
models can significantly improved modelling by decreasing the
number of assumptions made.

Objectives:To develop a population PK model of a BCS class 2
compouwnd (drug S) taking into account MD data to better
understand absorption process (ndinearity due to the dissolution
process) and the presence of a second peak in the concentration
time profile.

Methodology: Data came from 10 phase | studies, including 25
healthy volunteers, who received a single or repeated oral
administration (tablet) and 10 who received single MD iv perfusion
also or single MD oral solution.

First a population PK model was built using MD data from iv and
oral solution administration, gpecially to estimate the absolute
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bioavailabity and to fit the absorption process independently of
tablet dissolution.

Secondly a model with all data was developed by fixing parameters
obtained previously with MD data. The adequacy of the model to
descrile the data was assessed based on uncertainty on parameter
estimates (RSE), and on advanced evaluation methods such as VPC
and NPDE.

Estimation of the population parameters was performed using
NONMEM 7.3 and FOCE algorithm.

ResultsiInformations from the MQata were used to identify the
dissolution process from the absorption, bioavailability and to
explain the presence of a second peak due to the EHC (after iv and
oral solution administrations).

All data were described by acdmpartments model with firsbrder
absorption and linear elimination; the second peak in
concentrations was described using EHC. A fraction of drug S was
excreted from the central into a gall bladder compartment with a
first-order constant, while a periodic drug release from the gall
bladder to depot compartment was used through MTIME. Some
parameters of EHC and dissolution were fixed due to model
identifiability.

A nonlinear dose relationship was also added in the absorption
process. The RSE, VPC and NPDE were satisfactory forDathdV
therapeutic doses models.

Conclusioninformations from the MD data were used to explain

non-liearity to the dose due to the dissolution process, and to
confirm the presence of a second peak due to the EHC.
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Annika BringsdModelling and simulation of adverse
drug effects orheart rate in the anaesthetized mouse

Annika Brings, Eric Martel, Wolfgang Rist, Robert Augustin, Stefan
Scheuerer and Brian Guth
Boehringer Ingelheim Pharma GmbH & Co KG, Biberach, Germany

Objectives:Todevelop a PK/PD model of adverse, dmgdiated
increase in heart rate in the anaesthetized mouse in order to
determine a dose with acceptable heart rate alterations (defined as
< 10% increase relative to baseline).

Methods: PK data were obtained in C578NCrl or Rj:SWISS mice
following an i.v. bolus injection of drug A, B or C. For assessment of
cardiovascular effects, arterial blood pressure, heart rate (HR) and
body temperature were continuously measured in anaesthetized,
male Swiss mice for up to 95mBaseline values were collected for
5 min prior to i.v. injection of drug A, B, or C, or vehicle. Plasma
samples for exposure measurements were obtained f8rtime

points in this study. Plasma concentrations were fitted to a
pharmacokinetic model usghnontlinear modelling with the naive
pooled approach implemented in Phoenix WinNonlin 6.3. Heart rate
data were fitted either to a turnover model with saturable
stimulation of buildup, or to a receptor binding model [1].

Results:PK data could be desbad with a onecompartment (drug
A) or twacompartment model (drugs B+C). Due to the low drug
clearance (~0.01 L/hr/kg) a steyse increase in plasma
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concentrations could be achieved using sequential, escalating i.v.
bolus doses (3, 10, 30 and 100 pg/k®al5, 30 and 45 min) to

study the concentration dependence of cardiovascular effects. This
showed a doselependent increase in HR and a time delay between
plasma concentration and effect, suggesting that the emergence of
HR effects takes longer than firin. The time delay could be
described by a turnover model, which was used to predict the time
and magnitude of the maximum effect and to plan a further study
with HR monitoring for up to 90 min following a single i.v. injection
of compound C at 6 differérmloses. In this study the maximum HR
effect occurred atk60 min after drug administration. HR effects
were emerging slower than predicted by the turnover model and
were described more adequately by a receptor binding model.
Turnover and distributional day models yielded poorer fits as
assessed by predictive check. The receptor binding model predicted
an acceptable dose of 40 pg/kg.

ConclusionThe observed time delay between plasma
concentration and HR increase was best described by a receptor
binding nodel, suggesting that receptor binding kinetics may be
responsible for the slow emergence of HR effects. Further studies
would be required to investigate the mechanism of HR increase.

References:

[1] Shimada S, Nakajima Y, Yamamoto K, Sawada Y, Iga T.
Conparative pharmacodynamics of eight calcium channel blocking
agents in Japanese essential hypertensive patients. Biol Pharm Bull
(1996) 19(3): 43@37.
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Jantine Brusse®opulation modeling of cytochrome

P450 mediated drug metabolism and oral absorption

in preterm neonates receiving intravenous and oral
midazolam in a crossver study

Janneke M. Brussee (1), Saskia N. de Wildt (2), MeibDderhof (1),
Catherijne A.J. Knibbe (1,2,3)
(1) Division of Pharmacology, LACDR, Leiden University, Leiden, The
bSGKSNI FYyR&AY O0HO 9N}avYdza a/ {2LKA
the Netherlands, (3) Department of Clinical Pharmacy, St. Antonius
Hospital Nieuwegein, the Netherlands

Objectives Midazolam is a benzodiazepine which is often used for
sedation in neonatal and pediatric intensive care units orally or
intravenously. For sedation of preterm neonates, the use of
midazolam is largely ofbel. Ths project aims to describe and
predict CYP3A mediated clearance and oral bioavailability of
midazolam in preterm neonates using data from a cio@sr study

on oral and intravenous midazolam.

Methods: Patients included 38 preterm neonates (postnatal age

ranging between 316 days, birth weight 743135 grams) from the
yS2ylridlrt AydSyairgsS OFNB dzyAld 27F i
Rotterdam [1,2]. They were randomly assigned to receive

midazolam orally (n=13) or via an katfur infusion (n=25), and

they received midazolam via the alternate route after >72 hours, if

they still met the inclusion criteria (n=13). A sequential drug
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metabolite population pharmacokinetic model for midazolam and

its primary metabolite, IOHmidazolam, was developed using
NONMEM 73. CYP3A mediated formation clearance - @
midazolam was assumed to be a fraction of 60% of total midazolam
clearance [3,4]. Birth weight, body weight during the study,
postnatal age and gestational age were considered as potential
covariates. A nojparametric bootstrap was performed to evaluate
the model.

Results A two-compartmental PK model with values for clearance
and central volume of distribution of 0.135 L/h and 0.542 L,
respectively, was used to describe the plasma concentrations of
midazolam Oral absorption was best described by a foaier
process with an absorption rate of 2.05 i{ and bioavailability of
0.72. Plasma concentrations ofdHmidazolam were described by

a l-compartment model with an estimated clearance of 0.48 L/h
and a wlume of distribution equalized to the volume of distribution
of midazolam. No significant covariates were found, likely because
the studied population was very uniform.

ConclusionsBased on data from a cresser study on oral and
intravenous midazolang pharmacokinetic model for midazolam
and metabolites was identified for preterm neonates. Compared to
adults, clearance of midazolam seems lower and bioavailability
higher. In the combined oral and intravenous model, there was no
evidence for presystemidormation of the CYP3A mediated
metabolite (:OHmidazolam) [5] after oral administration in
preterm neonates.

References:

[1] De Wildt SN et al, Br J Clin Pharmacol. 2002 Apr;53(43:390
[2] De Wildt SN et al, Clin Pharmacol Ther. 2001 Dec;70(63525
[3] Peeters MY et al, Anesthesiology. 2006 Dec;105(6):4635

[4] Heizmann P, Ziegler WH, Arzneimittelforschung.

Page |193



1981;31(12a):2223
[5] Frechen S et al, Clin Pharmacokinet. 2013 Sep;52(31763

Page |194



Poster: Drug/Disease modelinr@NS |434 | Wednesday 10:45
12:15

Simon BuatoidJsing Item response theory to yield
information from the MDSUPDRS items in
t F NJAYyazyQa RAaSlIasS Of ;

S.Buatois (1), S.Retouf)(R. Gieschke (1), S.Ueckert (2,3), N.Frey (1)
(1) Pharma Research and Early Development, Clinical Pharmacology,
Roche Innovation Center Basel, Switzerland; (2) IAME, UMR 1137,
INSERM,-#5018 Paris, France; (3) Pharmetheus AB, Uppsala,

Sweden

Objectives:ltem response theory (IRT) has been recently introduced

AY LIKIFNXYIFO2YSGNRO& o0& | SOUSNI Si
disease progression based on the AEDYg scale [1]. It permits a

more precise analysis by integrating the whole available items
information, it increases the probability to detect changes due to a

drug effect and helps to determine the most informative items of

the global score in function of the population of interest. The aim of

this work was to apply IRT to the MDPDRS scale to bettassess

GKS ylFadz2NIf RAaASFaAS LINRPINBaarzy 2

Methods: First, a baseline IRT model was built to analyze baseline
RFGF FNRBY GKS tFNJAyazyQa tNRINBa
database [2]. The dataset includes 431 de nalwopathic PD

patients, 199 healthy controls and 65 PD patients with Scans

without Evidence of Dopaminergic Deficit. This work focus on the
MDSUPDRS score [3], which consists of 65 items measuring the
disturbance of normotor experiences of daily livingdi sleep,
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cognition, mood) as well as motor experiences (i.e. Tremor, Rigidity,
Bradykinesia) and motor complications. All itspecifieparameters
were implemented as fixed effect via ordered categorical models
and the baseline hidden neuronal disabibity a random effectin a
second step, a longitudinal model was used to describe the
neuronal disability time course [4,5]. Visual predictive checks both
on the item as well as on the MRRB°DRS score level were used to
evaluate the model.

Results:We were able to describe the evolution of the neuronal
disability over time using a longitudinal IRT modeling approach, for
a better leverage of the whole MBEPDRS items information. The
developed IRT model allowed also to rank the information provided
by eachitem with respect to different severity of patient population
and could be useful afterwards to derive simplified but informative
MDSUPDRS sucores according to the targeted patient
population.

ConclusionsIRT is a powerful tool which enables to yield
information from the MDSJPDRS scale used in clinical trials,
therefore maximizing the likelihood to bring new medicine to

t I NJAyazyQa RA&ASIFAS LI GASyGaod
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Nuria Buil BrunaPopulation PK/PD modelling of the

biomarker and progression free survival effects of
Lanreotide Autogel in patients with nofiunctioning
gastroenteropancreatic neuroendocrine tumors

Nuria BuiBruna (1)Marion Dehez (2), Amandine Manon (2), Thi
Xuan Quyen Nguyen (2), Ifiaki F. Trocéniz (1)
(1) Pharmacometrics & Systems Pharmacology, Department of
Pharmacy and Pharmaceutical Technology, School of Pharmacy,
University of Navarra, Pamplona 31080, SpainC{Rjical
Pharmacokinetics, Pharmacokinetics and Drug Metabolism, Ipsen
Innovation, Les Ulis, France

Objectives:To develop a PK/PD model for the somatostatin

analogue Lanreotide Autogel® (LA) in patients with-iumctioning
gastroenteropancreatic neuroedrine tumours (GERETS)
establishing the relationship between serum concentrations of LA,
biomarker Chromogranin A (CgA) serum levels, and progression free
survival (PFS).

Methods: Data came from a phase Ill, randomized, dotldied,
placebacontrolledstudy [1] conducted in 204 patients over 96

weeks where deep subcutaneous injections of LA 120 mg (n=101) or
placebo (n=103) were administered every 4 weeks. The PK/PD
model was established based on 810 serum samples of LA and 1298
(n=632 placebo and n=6&&\) serum samples of CgA, during the
course of the study 76 patients experienced disease progression
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(n=49 placebo and n=27 LA).

The analyses were performed sequentially with NONMEM v7.2 [2].
First the PK model was selected and the corresponding empirical
Bayes parameter estimates were used to describe the time course
of CgA and its effects on PFS, the latter modelled as a time to event
response variable.

Results:Serum profiles of LA were described with a one
compartment disposition model and with an alpption process
characterized by two parallel absorption pathways following first
and zero order kinetics.

Results shown PFS data had to be considered as informative drop
outs, and therefore CgA and PFS responses were modelled jointly.
CgA levels were Bda3ox transformed for the analysis. Disease
progression was characterized in the placebo group with a linear
model (in BoxCox scale). LA induced a decrease in CgA levels
described by an inhibitoryvaxmodel. Interpatient variability in the
rate of diseas@rogression and pharmacodynamic parameters was
high (130%). $owas estimated to be 7.8 ng/mL.

The Weibull model characterized the PFS hazard. A decrease on CgA
with respect Cg#reduced significantly the hazard (p<0.001). The
covariates primary tumor lo¢@n in pancreas, and baseline tumor
hepatic load were associated with a higher risk (i.e., lower
probability of PFS) (p<0.001).

ConclusionsA model linking in a mechanistic way drug exposure,
biomarker and clinical endpoint could be established in pasien

with nonfunctioning GEfNETS receiving LA. Our results indicate
that there is a direct link between LA exposure and CgA levels, and
that CgA levels in serum could be a good marker for the felipwsf

the patients i.e. to monitor disease progressiorthis type of

patients.

References:
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Theresa Caih LILX A OF GA 2y 2F {AYOe@
Package in Simulation and Prediction of Metoprolol
Compliance Using a Single Plasma Concentration
Sample

Theresa Cain (1), AdriaarfBett (1), Masoud Jamei (1)
(1) SIMCYP Limited (a Certara Company), Sheffield, UK

Objectives:To develop a Simcyp R library package facilitating the
simulation of virtual clinical trials using the Simulator via R. To use
the R package to predict the corgaice of Metoprolol from a
patient's single PK sampling point, and to determine the optimal
time point for correctly identifying the compliance scenario in two
populations of CYP2D6 Extensive Metabolisers (EM) and CYP2D6
Poor Metabolisers (PM).

Methods: We developed an R library package where Simcyp is run
via R and facilitates simulating various compliance scenarios. The
Barriere et al. [1] method, incorporating a Bayesian framework, was
dzAa SR G2 LINBRAOG LI GASYGQa O2YLX AL
Metoprolol BID for 6 days. Prior in vitro and physicochemical
parameters for Metoprolol and the Healthy Volunteer population
were used to generate plasma concentration profiles of 500 CYP2D6
EM and PM patients. The first 10 doses were taken and the final two
doses varied over five scenarios: full compliance, missing the first
dose, missing the second dose, taking both doses together and
missing both doses. Compliance scenarios were predicted for each
patient using plasma concentrations taken at 0, 12, 24, 366@8,
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and 72 hours after the scheduled final dose. A ROC curve was used
to determine the optimal sampling time for predicting compliance
scenarios.

Results:The probability of a true positive in the EM population was
greatest at the time of the final doserfall scenarios and decreased
over time. In the PM population the probability of a true positive is
lowest at the time of the final dose, increases rapidly by 12 hours
and then remains fairly constant over the remainder of the sampling
times. In both popudtions, the probability of a true negative is high
for all sampling times. The ROC curve shows that for the EM
population, the concentration taken at 12 hours is the best at
predicting all compliance scenarios apart from where two doses are
taken together;in this case the 0, 12 and 24 hour samples are all
equally good predictors. For the PM population the optimal times
varied by compliance scenario.

ConclusionsAn R library package for Simcyp is developed that
enables running virtual clinical trials fromithin R. This was used to
show that the optimal time for correctly predicting compliance in
the EM population is 12 hours after the final dose. However, the
optimal sampling time in the PM population depends on the
compliance scenario.

References:

[1] Bariere O et al., J Pharmacokinet Pharmacodyn. 2011 Jun
1;38:333351

Page |202



Poster: Methodology Other topics | 37 | Wednesday 10:432:15

Sophie CallieBose projection and prediction of
PK/PD responsea benchto bedside example for LY
drug.

Sophie Callies, Elizabeth Smith LaBell, Enaksha Wickremsinhe, Vijay
Reddy, Ji Lin, Gregory Donoho, Volker Wacheck, Johan Wallin
Eli Lilly and Company

BackgroundSmall molecule (LY) is an inhibitor leading to a
decrease in lomarker X levels in preclinical model. We hypothesize
LY could lead in human to disease control (DC) as observed-in non
clinical disease mode

Objectives:to predict human efficacious dose range through
modeling analysis of nedinical data, to desigthe first in human
dose (FHD).

Material Methods: Data available were: in mice, pharmacokinetic
(PK, intravenous IV and oral PO administration), biomarker
inhibition (BI) and disease conti@C) data; in dog PK data (n=45,
n=11 IV/PO, n=34 PO); in rat PK data (n=21 PO); in human PK, BI
data (n=38). Allometric scaling was used to predict human PK based
on nonclinical PK data. Mice PK, Bl and DC data were modelled to
determine the biologicallyelevant LY exposure range. Based on this
information, the relevant dose range to be investigated in FHD
study was determined with support of the toxicology studies.
NONMEM (version VII) was used for the analysis. Text regarding
methods.
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Results:Allometric scaling predicted an IV and PO LY clearance (CL,
CL/F) of 41.9 (34-61.7) and 55.9 (45-88.9) L/h in human (mean
(90% CI), assuming bioavailability (F) 0.75 and body weight 70 kg).
The nonclinical DC versus exposure relationship was modelled
using anEmax model. This model indicated an IC50 of 95.1 ng/mL
(CV 40 %), corresponding to daily exposure of 2280 ng*h/mL
following a 3 mg/kg BID dose, which was considered a minimally
efficacious dose in mice. Efficacious dose range in mice was
determined to be6 -10 mg/kg BID leading to daily exposure of
53809110 ng*h/mL. To reach 2280 and 538010 ng*h/mL in

human, the model predicted that LY dose range of-180 and 250

600 mg daily would be needed, respectively. The proposed dose
range for FHD was 20 mdaiting dose) to possibly 600 mg

maximum daily dose. Observed human CL/F was 64 L/h (CV 45.6%,
90%CI 670, n=38) after repeated doses in the 20 to 325 mg dose
range. A two compartmental model, with first order absorption,
adequately fit LY clinical expasu A sigmoidal Emax model
adequately fit the Bl versus LY exposure relationship with mean
AUCdaily50 and Caverage50 (leading to 50 % of maximal inhibition)
of 1090 ng.h/mL and 45.4 ng/mL, respectively (CV=44%,

n=19).

ConclusionsThe integration of the noitlinical data, using
modelling, enabled the prediction of the relevant biological dose
range to be investigated in human.
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Elisa CalvieExtrapolation potential of semi
physiological covariate models to newborns: a
simulation-based study

Elisa Calvier (1), Elke H.J. Krekels (1), Catherijne A.J. Knibbe (1,2)
(1) Division of Pharmacology, Leiden Academic Cenmtieréig
Research, Leiden University, Leiden, the Netherlands; (2)
Department of Clinical Pharmacy, St. Antonius Hospital, Nieuwegein,
the Netherlands

Objectives:Semiphysiological covariate models (SPCMs) describe
the maturation of plasma clearance (CEq)specific metabolic or
elimination pathways [1,2]. These models are obtained in PK studies
of model drugs that are mainly eliminated through one specific
pathway. It has been suggested that SPCMs can be extrapolated
between drugs sharing an eliminatipathway [1,2]. In this work

we investigate the extrapolation potential of SPCMs between drugs
undergoing hepatic metabolism, when predicting CLp in newborns
based on CLp information in adults.

Methods: In R, the dispersion model [3] was used to simulafe &IL
hypothetical drugs with different unbound fractions, microsomal
unbound intrinsic clearances (CLintu), and blood to plasma ratios.
Regarding CLintu in newborns, two scenarios were investigated: 1)
enzyme maturation completed at birth, 2) enzyme matioa not
completed at birth, with changes in CLintu derived from a published
SPCM [4] by retrograde calculation. Physiological parameters for
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scaling between adults and newborns were compiled from
literature [5-9]. SPCMs were derived from the CLp simulated

adult and newborns for each hypothetical drug and scenario. Within
each scenario, SPCMs were extrapolated between hypothetical
drugs to predict CLp in newborns from CLp values in adults. The
prediction error (PE) of the predicted CLp in newborns was
computed.

Results:Patterns in PE were best summarized using extraction

ratios (ER). The PE of SPCMs was higher in scenario 2 compared to
scenario 1. For both scenarios, SPCMs-pvedict or underpredict

CLp in newborns when extrapolated to drugs withwedoor a

higher ER, respectively, than the model drug from which they are
derived. SPCMs developed using drugs with a low ER have the best
extrapolation potential (maximum PE @7% and83% for scenario

1 and 2, respectively), while SPCMs developed usodgel drugs

with a high ER have the poorest extrapolation potential (maximum
PE of 89% and 475% for scenario 1 and 2).

ConclusionsSPCMs reflect not only physiological and enzymatic
maturation processes, but also drug specific properties. Their
predictive properties are dependent on the properties of their

model drugs, while their extrapolation potential depends on the
differences in properties between the model drug and the drugs the
SPCM is extrapolated to, and on the extent of enzyme maturation.
SPCMsleveloped on model drugs with low ER have the best overall
extrapolation potential.
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Tim CardilinModelling and Analysis of Tumor Growth
Inhibition for Combination Therapy using Tumor Static
Concentration Curves

Tim Cardilin (1,5), Alexandre Sostelly (2), Johan Gabrielsson (3),
Samer El Bawab (2), Christighmendt (4) and Mats Jirstrand (5)
(1) Department of Mathematical Sciences, Chalmers University of
Technology and Gothenburg University, Gothenburg, Sweden, (2)
Merck Serono, Global Early DevelopmeQuantitative
Pharmacology, Darmstadt, Germany, (3)igdon of Pharmacology
and Toxicology, Department of Biomedical Sciences and Veterinary
Public Health, Swedish University of Agricultural Sciences, Uppsala,
Sweden, (4) Merck Serono, Translation Innovation Platform
Oncology, Darmstadt, Germany, (5) Frauen&@halmers Centre,
Gothenburg, Sweden

Objectives:To develop and analyze a Tumor Growth Inhibition (TGI)
model for combination therapy based on experimental data using
Tumor Static Concentration (TSC) curves.

Methods: PatientDerived xenograft data on Btbx-Cisplatin
combinations were obtained from mice. Drug exposure profiles
were generated based on literature data. Time series of efficacy
data were modelled based on the vivoTGI model with
simultaneous cytostatic and cytotoxic drug action. Model
parameters were estimated using a mixeffects approach
implemented in Mathematica 10 [1]. The models were then
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investigated using an analytical approach to obtain Tumor Static
Concentration [2] curves, which should be compared with the
established conceptfasobolograms [3].

Results:The TSC condition for the combination of a cytosta)c (
and a cytotoxicH) drug can be expressed mathematically as

Kgrowth [(Gy) = ki S(G),

where G and G are the plasma concentrations of drugsindB,
respectivelyl andSare an inhibitory and a stimulatory function
acting on the proliferating cell compartmenowin and ki are the
cell growth and kill rates. This can be visualized as a curve in the
GG-plane. Keeping the concentrations above this curve gives
tumor shrinkage, while falling below it gives tumor growth.

The ErbituxCisplatin combination data were adequately modelled
with Erbitux as the cytostatic and Cisplatin as the cytotoxic
compound, urer the assumption of independent action. TSC
curves were generated and compared with the exposure profiles of
all test compounds. This provided visualization of when and to what
extent the concentrations were at a sufficiently high level for tumor
shrinkage and helped to suggest times when either a higher or
additional dose would be necessary.

ConclusionsThe graphical TSC presentation of two compounds
proved to be a useful tool for presentation of drug combinations
tumor growth/kill interventions.
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Letizia CarrardModelling the effect of Sunitinib given
alone and in combination with CPT11 on the tumor
growth in xenografted mice

L. Carrara (1), B. Ribba (2), M. Tod (3), M. Wei (4), B. You (5), G.
Freyer (5), P. Mag(l)
OMO SB5ALI NIAYSYyd2 RA Ly3IS3IySNRI L
Universita degli Studi di Pavia, Pavia, Italy, (2) INRIA Grenoble
RhéneAlpes, MontbonnaSaintMartin, Grenoble, France, (3)
EMR3738, Université Claude Bernard LydRrance, (4) CelY
Laboratory facility, Batiment Marcenac, aile Est, Ecole Nationale
+SOUSNAYIFANBE RQ!fF2NIzZ 1t F@SydzS Rd
Alfort cedex, France, (5) EMR UBCL/HCL 3738; Université Claude
BernardLyom T CNJ yOST / Sy (i NB dutquey SaiA
en Oncologie et Hématologie de Lyon (CITOHL); Institut de
Cancérologie des Hospices Civils de LyerGLJ; Service
ROQhyO2f 23AS aSRAOIFIfS [&2y>X |

Objectives:Nowadays antangiogenic drugs are considered one of
the cornerstore of the aticancer therapy. Limiting oxygen and
nutrient supplies to tumor, angiogenesis inhibitors cause tumor
stasis but they do not exert a direct tumor cells kill effect. For this
reason they are usually administered in combination with
chemotherapy.

The aim othis work is to study the effects of Sunitinib on tumor
growth in xenograft mice both in the case of single drug experiment
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and in combination regimens with cytotoxic drug (CPT11) to assess
the type and the strength of the interaction.

Methods: Data wereobtained from CellVax (France) and relate to 2
different experiments both on athymic nu/nu mice xenografted
with human colonrectal cancer cells. When tumor volume reached
200-300mn?, the treatment started. Data were modeled starting
from the Rocchetti TGhodel [1].

Single agent experiment

The single agent experiment involves 1 control arm and 2 arms
treated with Sunitinib following different schedules of
administration. A nalve pool analysis, considering average data, was
performed in Matlab 2010a fittingimultaneously control and

treated arms, while a population approach with nmear mixed
effect model was implemented in Monolix 4.3.2.

Combination experiment

The combination experiment, besides the control arm and 2 single
agent arms, also involves 5mbination arms in which both

Sunitinib and CPT11 were administered to the animals. Both nalve
pool and mixed effect approaches were implemented as for the
single agent experiment. The assessment of the type of interaction
between the 2 drugs is mainly irstéggated by using the pool
approach.

Results:

Single agent experiment

A modified version of the Rocchetti TGl model was proposed to
describe the action of Sunitinib. In particular, an effect
compartment was added to the original model because of the faste
PK of Sunitinib compared to Avastin (drug used in [1]). The model
successfully describes the experimental data.

Combination experiment

A joint model that integrates the action of the 2 drugs was used.
Difference between model predicted tumor growth cusvender
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the null interaction hypothesis and experimental data suggests a
negative interaction between Sunitinib and CPT11.

ConclusionsThe new TGl model seems to be adequate to describe
the action of Sunitinib, while the eadministration with the

cytotoxic drug shows a negative interaction.

This work was supported by the DDMoRe project
(www.ddmore.eu).
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Massimo CelldJse of a TMDD model in the
translational development of a BDNReutralizing
monoclonal antibody
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Suzuki(2)Pinky Dua(1)
(1) Pharmatherapeutics Research Clinical Pharmacology, Pfizer
Neusentis, Cambridge, UK. (2) Pfizer Neusentis, Cambridge, UK.

Objectives:Drug X is a humanized IgG1 monoclonal antibody (mAb)
that is able to neutralize the Bratterived neurotrghic factor
(BDNF) by inhibiting interaction with its receptors. In sensory
neurons, application of BDNF causes acute sensitization of
peripheral nociceptors, leading to enhanced neuronal excitability
and pain sensitivity, whilst promoting chronic pain gessing via
mechanisms involving gene transcription and alterations in the
innervation pattern of sensory neurons.

The aim was to 1) build a mechanistic targetdiated drug
disposition (TMDD) model and 2) use the model to influence the
design of preclinical experiments and predict the relationship
between mAb dose and BDNF suppression across species.

Methods: Plasma levels of mAb and total BDNF were measured
after intravenous and subcutaneous administration of various drug
amounts in rats (0.1 and 1 mgfkand cynomolgus monkeys (0.03
and 0.3 mg/kg). Using Matlab R2012b software a TMDD model was
developed using rat data. This model was subsequently used to
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predict mAb PK and design the PK study in cynomolgus monkeys.
Data from cynomolgus monkeys were thesed to refine the model
and extrapolate mAb PK and BDNF suppression over time at
different doses in humans. All simulations were performed using
Berkeley Madonna 8.3.18 software.

Results:In rats, the minimum dose that resulted in measurable
efficacy 5 ays postdose was 0.03 mg/kg, which according to model
simulation was predicted to cause an average free BDNF
suppression of 37%. In cynomolgus monkeys, doses predicted to
produce a range of free BDNF suppressions were identified (e.g.
average 30, 70 and)96 over the considered interval). These doses
were 0.03, 0.15 and 0.6 mg/kg for an 8 weeks dosing regimen.
Finally, the same levels of suppression extrapolated to humans were
obtained with 0.008, 0.03 and 0.125 mg/kg, respectively.

ConclusionsA TMDD modeadequately described drug X
pharmacokinetics and pharmacodynamics (defined as free BDNF
concentration in central compartment). This analysis provides an
example in which TMDD models were used to predict PKPD
properties of a mAb across species, helpingdiesign of preclinical
studies and the mechanistic extrapolation of results to humans.
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Dong Woo Cha&lechanistic Modeling of Telmartan
Blood Pressure Lowering Effect in Human

Dong Woo Chae (1,2), Mijeong Son (1,2), Yukyung Kim (1,2), Hankil
Son (1,2), Nick Holford (3), Kyungsoo Park (1,2)
(1) Department of Pharmacology, Yonsei University College of
Medicine, Seoul, Korea (2) Brawréa 21 Plus Project for Medical
Science, Yonsei University, Seoul, Korea (3) Department of
Pharmacology and Clinical Pharmacology, University of Auckland,
New Zealand

Objectives:Telmisartan, a potent angiotensin Il tyfig(AT1)

receptor blocker (ARB), iisdicated for the treatment of essential
hypertension. Its effect is classified into rapid response due to
vasodilation and slow response due to volume loss steming from
natriuresis [1]. PHPD models of telmisartan have been published in
rats [2,3], but 0 such model reported in human. This study aimed
to develop a mechnitic model of telmsartan drug effect in human
using nonrinvasive markers, which can be readily applicable in real
clinical situations.

Methods: Data was acquired from a previous PK studgrgh
telmisartan 80 mg was given once daily for 6 days. Systolic and
diastolic blood pressure and heart rate (HR) were measured before
dosing for Day 1 to 5 and serially after the last dose. PK was
modeled with weight incorporated using allometry. With post
estimates of PK parameters, a mechanistic PD model was built
considering followings: (i) MAP formulated as MAP = C-TPR-PP-HR,
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based on MAP = CO-TPR, CO = SV-HR, and C = SV/PP, with CO, TPR,
SV and C being cardiac output, total peripheral resistanoekest

volume and compliance, respectively, where C = SV/PP is a

simplified version of Windkessel model and C assumed to be

constant over the study period; (ii) negative feedback of MAP on
turnover rates of PP, HR and TPR; (iii) a common circadian rhythm

with MAP, HR and CO in parallel fluctuations and TPR in the mirror
image of the others; (iv) drug plasma concentration linked through a
first-order process to Cb, the effect site concentration binding to

AT1 receptor; (v) drug effect, a function of Cb, asstimoeinhibit

turnover rates of TPR (rapid effect) and PP (slow effect), with no
influence on HR. The prediction of MAP was computed using the
estimates of C-TPR, PP and HR, where C-TPR was estimated from
WRSNAGSRQ RIGF® ¢KS YalR&dictves | & G f
check (VPC) and analyses were made using NONMEM 7.3.

Results:Two compartment model with*1order absorption and lag
time was chosen for PK. Feedback of MAP was negligible in PP and
HR, and an inhibitory.dxmodel successfully described ttime

courses of C-TPR, PP and HR (and MAP accordingly). VPC showed
95% of observations lied within 95% prediction interval.

ConclusionsThis work demonstrated the feasibility of using ron
invasive cardiac indices in deriving a mechanistic model of
telmisartan effect in human. The developed model can be applied to
antihypertensive drugs other than ARBs.

References:

[1] Wolfgang Wienen et al., A Review on Telmisartan: A Novel; Long
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Pascal ChanModel-based simulation assessment of
Personalized Healthcare strategies. A case for
siponimod in multiple sclerosis.

P. Chanu (1), F. Mercier (1)
(1) Pharsight Consulting Services, Pharsight, a CertaraTM Company

Objectives:The "One dose fits all" concept still dominates in clinical
development. Pharmacometrics could definitely contribute to
implement Personalized Healthcare (PH). S1P (Sphingosine 1
phosphate) receptor modulators prevent the egress of lymphocytes
from lymph nodes, reducing the amount of circulating lymphocytes
and their potential to transit to the brain and damage neurons in
relapsing forms of multiple sclerosis (RRMS). As a coneegqud

their therapeutic effect, S1P receptor modulators induce
lymphopenia. Siponimod, is a S1P receptor modulator currently in
Phase 3. Moddbased simulations were performed to investigate
how dose individualization could improve its efficacy and safety

Methods: A simulation framework using publdomain information
was developed to describe the clinical effect of siponimod. A PK
model and a drugpecific model linking siponimod concentration to
lymphocyte count [1] were implemented in Pharsigjhtial
Simulatof™. Modetbased simulations were performed targeting
lymphocyte count between 0.2 to 0.5 %D. Four different daily
siponimod dose regimens were tested: 1 mg; 2 mg; 1 mg starting
dose with one dose adjustmerit50% or +100% when above or
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below the target) 2 weeks after treatment initiation; and 1 mg
starting dose with two dose adjustments 2 and 4 weeks after
treatment initiation. Drugindependent models linking lymphocyte
count to lesion count [2], and lesion count to relapse rate [3] were
used tosimulate clinical efficacy.

Results:Simulations results showed a clear benefit of both dose
adjustment scenarios over both fixetbse scenarios with
approximately 25% of subjects within target after 7 weeks versus
12% respectively. Simulations result®sfed a reduction of the risk

of grade 4 lymphopenia (9/L) by 50% with d@sfustment

scenarios. Simulated clinical efficacy (lesion count and relapse rate)
was similar for the four dosing regimens though with less variability
with those using dose adjusents.

ConclusionsSimulations showed the benefit of dose adjustments
during the first weeks of treatment with siponimod using a simple
dose adjustment algorithm. This is particular interesting for drug
classes where efficacy and safety can be monitorethbysame
biomarker and modebased simulations can help delineate best
dosing strategies to maximize therapeutic index.

References:
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Aziz Chaoucpproximate prediction percentils for
non-linear mixed effects models with continuous
response

Aziz Chaouch (1,2), Thierry Buclin (2) and Valentin Rousson (1)
(1) Statistics Unit, Institute for Social and Preventive Medicine,
University Hospital, Lausanne, Switzerland, (2) Divisionna¢aCl
Pharmacology and Toxicology, University Hospital, Lausanne,
Switzerland

Objectives:Prediction percentiles for netinear mixed effect
models are commonly calculated using a large number of Monte
Carlo simulations. In some applications (e.g. impletagon of
population pharmacokinetic models on miniaturized systems or
calculation of confidence intervals for predicted quantiles), the
computation time is critical and it is desirable to develop
approximation methods to obtain such quantiles.

Methods: We present a general methodology to approximate the
conditional predictive distribution (i.e. given covariate values) of the
continuous response in a ndimear mixed effects model at a given
time point by considering the distribution of a second order diayl
expansion of the model. We derive analytically its first four
moments and match them with the corresponding moments of a
flexible family of parametric distributions [1] which can
accommodate different levels of skewness and kurtosis. The
proposed methodlogy is applied to the computation of steady
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state prediction percentile curves for a published population
pharmacokinetic model of an arftingal agent [2].

Results:The proposed approach performs reasonably well and
preliminary results suggest that & either faster (for the same

degree of accuracy) or more accurate (for the same amount of
computation time) when compared to Monte Carlo simulations.

ConclusionsThe proposed approximation method provides an
alternative to Monte Carlo simulations for teemputation of
prediction percentiles for nofinear mixed effects models. Further
validation on different parameter sets is still warranted, using a
sufficiently largenumber of MC simulations as gold standard.

References:

[1] Jones, M.C. and Pewsey Sharcsinh distributionsBiometrika
(2009), 96(4):76780[2] Pascual, A. et al. Challenging
recommended oral and intravenous voriconazole doses for
improved efficacy and safety: population pharmacokinebiased
analysis of adult patients with invasiftengal infectionsClin Infect
Dis(2012), 55(3):38B90
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Christophe ChassagnoModelling Synergistic
Immunotherapy Combinations with Mual Tumour

Frances Brightman, David Orrell, Eric Fernandez, Christophe
Chassagnole
Physiomics plc

Objectivesiimmunotherapy has recently developed into a highly
active area of anticancer drug development. The field is dominated
by immunecheckpoint blokers, which counteract the suppression
of the immune response that is often observed in cancer. While
early results for monotherapies are promising, the real potential of
immunotherapy agents could be in combining them together or
with other anticancer tratments. However, there is currently no
rational basis on which to select optimal dosing regimens or
combination schedules, and a clear unmet need for predictive tools
to aid this process[1,2].

Methods: Physiomics has developed a preclinical and a clinical

W+ ANLidzZl f ¢dzY2dzNR o0aG+¢é 0 GSOKyz2f 23
will respond to drug exposure. The VT technology integrates PK and

PD effects and models the way individual cells behave within a

tumour population. These agettased methods are particulgrl

suitable for modelling not only tumour cells, but also other cell
populationsg such as those involved in the immune respogsad
interactions between cells. Here we describe our recent

development and application of the VT technology for modelling
preclinical efficacy of immuneheckpoint blockers, with a focus on
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agents targeting the RI/PD-L1 axis. The VT platform has been
extended by the addition of an immunotherapy module, which has
been developed and calibrated using data taken from the liteeatur
This module captures the mechanisms by which the immunotherapy
activates the antitumor immune response and synergizes with
conventional anticancer therapies.

ResultsThrough a preclinical case study derived from the literature,
we demonstrate that the @ended VT can be applied to model the
efficacy of an antPDL1 antibody in syngeneic mouse xenografts,
both alone and in combination with irradiation. The model was
calibrated using published PK data for the antibody[3], and tumour
growth inhibition datafor the monotherapies in twan vivomodels
(TUBO and MC38)[4]. As in a blind validation study, the calibrated
model was then used to predict the respective combination
efficacies. The predictions were validated against the published
experimental data[4]and found to accurately reflect the synergy of
the combination treatment.

ConclusionsThrough this case study, we demonstrate that our
enhanced VT capability represents the first step towards a ground
breaking tool for optimizing dosing and scheduling of
immunotherapy, both alone and in combination with conventional
anticancer therapies.

References:

[1] Pardoll, D. M. The blockade of immune checkpoints in cancer
immunotherapy. Nat. Rev. Cancer 12, 3@4 (2012). [2]
Lesterhuis, W. J., et al. Cancer immatherapyc revisited. Nat. Rev.
Drug Discov. 10, 58600 (2011). [3] ContreraSandoval, AM. et

al. PKPD modelling of an anBRDmonoclonal antibody. PAGE
meeting, Alicante, Spain (2014). [4] Deng, L. et al. Irradiation and
anticPDL1 treatment synerigtically promote antitumor immunity

in mice. J. Clin. Invest. 124, 6835 (2014).

Page |225



Poster: Methodology Estimation Methods |46 | Wednesday
10:4512:15

Clarisse Chavannidow to simulate pediatric
pharmacdinetic (PK) exposures using a population PK
dataset composed of incomplete age groups.

C.Chavanne(1), N.Frey (1)
(1) Pharma Research and Early Development, Clinical Pharmacology,
Roche Innovation Center Basel, Switzerland, F. Hoffiharftoche
Ltd.

Objectives:Conducting clinical trials in the pediatric population is
generally a challenge, particularly when trying to ensure that
enough patients are recruited to be able to explore the entire age
range. Consequently, the collection of information to charaete
the impact of the change in demographics and laboratory
parameters with age on the drug PK properties, is generally
incomplete. Population PK approaches could hgypestablishing
covariate effect relationships to fill those gaps. However when
simulaions need to be conducted, the lack of covariate information
for some age groups may become an issue. The objective of this
work is to createa procedurethat artificially increasethe number

of patients from an existing clinical database to get a more
complete coverage of the age range. This work was done
especiallyto support the evaluation of a new dosing algoritfion a
drug X.

Methods: A covariate database was built with pediatric patients
(age < 16 yrs) sourced from five Rogp®nsored and invegiator-
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initiated trials and treated for the same pathology. The following
covariates that influence the PK of drug X were of interegie,

gender, weight, height, CrCl. All sets of covariates from all trial visits
were considered. In order to artificialigcrease the number of
patients, each set of covariates at a given visit was considered as
being that of a new patient. The Center for Disease Control (CDC)
growth charts [1] were used as reference to evaluate if the coverage
of the weight and height digbution over the entire age range was
optimal. The population PK model of drug X was used to simulate
steadystate exposure for the new dosing algorithm. Comparisons
were then made between the databases both with and without the
artificial increase.

Resluts: 293 patients were considered from the five clinical trials.
Using each set of covariates as being a different patient, increases
this number to 1473.The weight and height values were well
distributed over the CDC charts. The simulated exposurestieth
largest dataset allowed for a better evaluation of the properties of
the new dosing algorithm across the entire age range.

ConclusionsConsidering each set of covariates at a given

visitin pediatric clinical trialasbeing that of a different patiet is
averyeffective procedurdo artificially increase the range of
covariates that change with age and then conduct simulations in a
pediatric population to explore fagxamplethe evaluation of a new
dosing algorithm.

References:

[1] Center for Disese Control (CDC) growth charts
(http://www.cdc.gov/growthcharts/)
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Tina ChecchiMixed Effects Analysis of Nen
compartmental Pharmacokinetic Parameters of
Tofacitinib from 16 Phase 1 Studies.

Tina Checchio (1), Mark Peterson (2) and Sriram Krishnaswami (3)
(1) Pharmacometrics, Globain@ital Pharmacology, Pfizer, Groton,
CT, USA, (2) Pharmacometrics, Global Clinical Pharmacology, Pfizer,
Cambridge, MA, USA, (3) Specialty Care, Global Clinical
Pharmacology, Pfizer, Groton, CT, USA

Objectives:Estimate and summarize effects of intrinsiwaextrinsic
factors on tofacitinib exposure, an oral Janus kinase inhikitor,
healthy adults by pooling and analyzing individual level metrics from
16 Phase 1 trials.

Methods: Evaluable AUC and Cmax values were included from 356
healthy volunteers (HVY.aking into account the 3 hour hdilfe of
tofacitinib, singledose and steadgtate metrics were pooled. Base
model characteristics included a linear model fit to Ln(AUC) vs
Ln(Dose) and a sigmoidalsidose function model for Ln(Cmax).
Intersubject rmdom effects were estimated on the intercept
parameters of the models, and a residual error model containing a
single additive term was supported. A full model approach was
employed to estimate covariate effects. Covariates of interest (age,
weight, racesex, creatinine clearance (CrCL), fed/fasted status, and
formulation) entered as power (continuous covariates) and
fractional change (discrete covariates) functions. The possible range
of exposure values for specific changes in covariates relative to the
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reference individual were simulated. A reference individual was
defined as @ealthy normal volunteer 32 year old, Caucasian, male,
weighing 73 kg with baseline CrCL = 109 mL/min, receiving 5 mg
tablets of tofacitinib under fasting conditions.

Results:Tofecitinib exhibited approximate dose proportional
increases in AUC and Cmax over dose ranges of 0.1 to 100 mg and
0.1 to 50 mg, respectively. Differences in typical AUC were less than
20% across the range of ages, body weights, gender and races
studied. Diférences in typical Cmax were less than 38% across the
ages, gender and races studied. Cmax decreased with increasing
body weight. When administered as a solution, tofacitinib AUC and
Cmax were estimated to be 15.9% (822 3%) higher and 17.4%
(11.324.2%) higher, respectively, relative to tablet. Co
administration of tofacitinib with high fat meal resulted in 13.3%
(5.4321.7%) higher AUC and 30.3% (23641%) lower Cmax,

relative to fasted state. The modektimated differences in
formulation and food ee consistent with the observed results from
individual studies.

ConclusionThe magnitude of change predicted in AUC/Cmax in HV
did not suggest necessary dose modification or dosing restrictions in
adults based on age, body weight, gender, race, or fatlist The
approach allowed use of NCA parameters to assess covariate
relationships in absence of a population analysis.
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Pierre Che#t Assessment of Endogenous Thrombin
Potential predictive potential of Thrombin Generation
mechanistic models with Hemophilic A patients

P Chelle (1,2), C Morin (1), M Piot (2), A Montmartin (3), N Durrande
(1), R Leriche (1), S Laporte (2), X Delavenne (2), E Ollier (2), S Auvril
(1), B TardyPoncet (2,3), M Cournil (1)

(1) Center for Health Engineering, UMR 5307, Ecole Nationale
Supérieure des Mines de Sédliittenne, 42023 Saktitienne, France;
(2) EA3065niversité Jean Monnet, 42023 Sdititenne, France ;

(3) Inserm CIC1408, CHU de Shtignne, 42023 Sakfitienne,

France

Objectives:Hemophilia A (HA) is the deficiency of coagulation factor
() VIII and leads to bleeding tendency. Thrombin Generafi@),(a
global PD test of coagulation, may improve management of HA
patient substitutive treatment. It describes the thrombin
concentration [lla](t) in a plasma sample and is well correlated with
bleeding severity [1]. TG mechanistic model might be a geagdto

use this biomarker for the prediction of fVIII to reach. The objective
is to evaluate the predictive potential of a set of mechanistic
numerical models [Z] to identify if they might be used to predict

TG in HA patients.

Methods: Mechanistic modeal describe the evolution of

concentrations of the plasmatic species interacting in the system by
stiff nortlinear Ordinary Differential Equations (ODE) system. ODE
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were implemented in Matlab and solved numerically using ODE15s
solver due to ODE stiffneswimg(lla](t). Then, the area under the
curve called Endogenous Thrombin Potential (ETP) is calculated
from [lla](t): ETP® =o[lla](t).dt andcompared with ETP obtained

from a study including N=40 HA patients. Estimated ETP from
patienti is notedeETPand corresponds to the model response to
this patient data. Mean Squared Error (MSE) was used to assess the
model estimations as well as Stoisser criterion (Q2) a
normalized version of MSE [8].

Q=1 CETRETRAEN | meTRETPH

wheremETPisthe mean of the NL ETP values whdfiTRis

omitted. Thus, models with good estimations have Q2 close to 1. If
Q2 is negative, using the model is worse than using mean to predict
data. To minimize bias, optimization of MSE was realized using
genetic algoithm (GA) [9] and gradient method (data not shown).

ResultsMSE and Q2 results indicate a poor quality prediction for all
the original models (cf Table). For mechanistic models, number of
interactions is not necessarily synonymous of better behavior. Best
estimations are obtained with models having fewer parameters as
Panteleevmodel [6].

Table: Model performance

Referenc 0 of  Nbof Optimize MSE  Optimize
reaction parameter Q2 b (nM.mn d KMSE
€ d Q2
S S ) (nM.mn)
Hockin o7 42 1.0 037 552 304
(2] o
Sungay 4 105 16 020 628 419
[3] o
Tyurin -
e s0 72 L, 004 792 376
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Khanin 9
(4]

Pantelee\ 5 65 1.9 051 656 269

6] ;

zhu[5] 55 75 8.2 -025 1161 427
1

g]‘ate”e%? 105 0.3 0.17 445 349
6

DiscussionThepredictive potential of mechanistic models is not
good enough yet to predict TG in HA patients. Optimization has
given significant improvement on ETP estimations. Over
parameterization of models might explain the lack of precision of
these models.
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Chunli Chem\pplication of the Multistate Tuberculosis
Disease Model for Studying Pharmacokinetics and
Pharmacodynamics in a Chronic Tuberculosis Mouse

Model

Chunli Chen (1), Gerjo J. de Knegt (2), Jurriaan E.M. de Steenwinkel
(2), Ulrika SH Simonsson (1)

(1) Department of Pharmaceutical Biosciences, Uppsala University,
Uppsala, Sweden; (2) Erasmus MC, Uniyekéédical Centre
Rotterdam, Department of Medical Microbiology & Infectious

Diseases, Rotterdam, the Netherlands

Objectives:To use the Multistate Tuberculosis Disease Model for
studying pharmacokinetics and pharmacodynamics (PKPD) of
rifampicin (RIF) in ehronic tuberculosis (TB) mouse model.

Methods: One PK sample/animal was obtained in both healthy (n=
49) and infected mice (n= 18). Healthy mice were administered RIF
(10 or 160 mg/kg) 5 days a week for 3 weeks where after the PK was
obtained, which wergooled with PK data from infected mice.
BALB/c mice were intratracheally infected whitycobacterium
tuberculosiBeijing1585 strain at day 0 [1]. Rifampicin (5, 10, and
20 mg/kg orally) was administered daily for 4 weeks from day 15
after infection. Phemacokinetic data was obtained at day 40. Mice
were sacrificed at days 21, 28 and 42 and lungs were obtained,
homogenized and plated to measure colefioyming unit (CFU) per
mouse. Additional CFU were obtained in a separate group of
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infected mice treateddr 3 weeks, from day 15 after infection, by
RIF (80, 160 and 320 mg/kg, no PK) and sacrificed at day 35 after
infection. One group of animal (n= 67) received no treatment
(natural growth) and were sacrificed at days 1, 3, 7, 14 and 21 after
infection. Thepopulation PK model was first developed and
thereafter a Population PK Parameters and Data approach [2, 3] was
used to link PK to the Multistate Tuberculosis Disease model [4] in
order to describe the change in CFU in lungs over time using
NONMEM [5]. Xpes[6] and PsN [7] was used for data exploration
and visualization, model diagnostics, model comparison and visual
predictive checks.

Results:A onecompartment model with firsbrder absorption and
elimination provided the best fit to the PK data. Rifanmpiral
clearance (CL/F) of infected mice treated 4 weeks was 3 times
higher than in healthy mice receiveendek treatment. The
Multistate Tuberculosis Disease Model [4] composed by (&3t
slow (S), noamultiplying (N) state bacteria and dead bacteri
compartments, and drug effects were introduced in the model
according to the mechanism of action. Bacterial movement
between different states, except for the transfer from F to S, were
fixed to corresponding transfer rates estimated in thevitro study
using Beijingl585.

ConclusionMost probably due to disease related effects, rifampicin
CL/F was higher in infected mice, although aimguction might
contribute to a limited degree because of different treatment

lengths, showing needs tbtain PK in the same animal as studying
drug effects. The Multistate Tuberculosis Disease model successfully
described antTB effects of RIF in a chronic mouse model.
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Mohammed Cherkaoui RbaMechanistic Model to
Predict DDIs in the Liver

Mohammed CherkaouiStuart Paine, Cyril Rauch, Peter Littlewood
University of Nottingham

Objectives:To generate a mechanistic dynamic model for the
prediction of DrugDrug Interactions (DDIs), which results from
time-processes within hepatocytes, taking into account thatisg
distribution of the drugs in a lobule, the uptake at the sinusoidal
membrane, the enzyme inhibition/induction [1] and the-up
regulation of the enzyme gene.

Methods: Over 70 clinical DDIs [2,3], including inhibitors, inducers
and mixed interactins, were compared with the prediction using a
static model and the new dynamic model. This was implemented in
MATLAB® and inserted into a PBPK model with 4 compartments
(Blood/Gut/Liver/Rest).

The Blood and Rest compartments are simple compartments with a
physiological volume and a partition coefficient. The Blood
compartment has a partition coefficient of one, whereas the Rest
compartment depends on the drug.

The Gut compartment comprises two sabmpartments: the first

represents the gut wall with a firerder absorption for the oral
dose and takes into account DDIs within the enterocytes assuming a
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well-stirred compartment; and the second represents the portal
vein.

The estimations of the drug parameters
(inhibition/inactivation/induction/uptake) were btained with in
vitro experiments and adjusted for the human liver size. The PK
parameters (clearance/absorption rate) were obtained from the
literature [4,5].

For each clinical case, the AUC ratio of the victim drug was
estimated with the dynamic model drcompared to the static
model along with the clinical outcome.

Results: The preliminary results show that the model accurately
predicts the DDI of the compounds which are purely inhibitors
(reversible or timedependent) or inducers. For compounds which
are both, the prediction is less accurate. Overall, more than 50% of
the DDIs have been predicted withiFf@d and more than 89%

within 5-fold. The Geometric mean fold error (GMFE) has been
estimated as 2.19, which is in the same range as the current stati
model ([2,3]: GMFE=1-2Z.5).

ConclusionsThe model is consistent with those in the literature. It
also provides a dynamic description of the DDIs, such as the enzyme
level and spatial distribution within a lobule. Furthermore, the
perpetrator dose regiran can be changed to observe its influences

on the AUC ratio.

Finally, as in the static model [2,3], the DDIs prediction of
compounds demonstrating inhibition and inductionviitro is poor.
These could be the result of a more complex mechanism occurring
in the liver and/or intestine as an MDR1 induction or the
perpetrator metabolite playing a role in the DDI.
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Manoranjenni ChettyEmerging covariates on the

pharmacokinetics of monoclonal antibodies: Do

current PBPK models account for the covariates
identified in POPPK studies?

Manoranjenni Chetty (1), Katherine Gill (1), Krishna Maclzemar
(1), Linzhong Li (1), lain Gardner (1), Amin Rostami (1,2), Masoud
Jamei (1)
(1) Simcyp (A Certara Company), Blades Enterprise Centre, Sheffield,
UK (2) Manchester Pharmacy School, Manchester University,
Manchester

Objectives:To identify covariates thampact significantly on the
pharmacokinetic (PK) parameters of monoclonal antibodies (mADbs)
in population pharmacokinetic (POPPK) studies and to evaluate
whether current human physiologically based pharmacokinetic
(PBPK) models account for the PK valitgdue to these

covariates.

Methods: A literature review was conducted to retrieve POPPK
studies on mADbs. Studies were evaluated to identify covariates
tested and those that had a significant impact on the PK variability.
Published human PBPK modelsrfokbs were evaluated for their
potential ability to account for variability in PK, with special
reference to the significant covariates identified by POPPK studies.
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Results:37 POPPK studies were evaluated. Cumulatively, 59
different covariates were testednd 17 were identified as

significant covariates. Weight was found to be significant in 20
studies, with covariates such as serum albumin, antibodies to the
mADb, body surface area, sex, concurrent medication, white blood
cells, dose, smoking status, asiaae aminotransferase (AST),
ethnicity, age, target concentration, formulation, route of
administration and glomerular filtration rate reported to be
significant in 6 studies or less. PBPK models have the potential to
account for the variability due to themajority of these covariates

but most of the current models do not focus on sources of
variability. Weight, the major covariate identified in POPPK
analyses, requires to be considered in PBPK models, although many
mAbs are dosed according to the weighttod patient. Antibodies

to the mAb were found to be significant in only 16% of the studies.
However, this covariate could present some challenges for PBPK
modelling.

ConclusionsWeight was the major significant covariate identified.

PBPK models generalio not adequately incorporate variability
due to the relevant covariates.
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Maxwell Tawanda Chirehw&/odel based evaluation

of higher doses of rifampicin using a semiechanistic

model incorporating auteinduction and saturation of
first-pass hepatic extraction

Maxwell Chirehwa (1), Roxana Rumsjee (2), Thuli Mthiyane (3),
Philip Onyebujoh (4), Peter Smith (1), Helen Mcllleron (1), Paolo
Denti (1)

(1) Division of Clinical Pharmacology, Department of Medicine,
University of Cape Town, South Africa; (2) Strategic Health

Innovation Partnerships (8%, South African Medical Research
Council, Cape Town, South Africa; (3) South African Medical

Research Council, Durban, South Africa; (4) Intercountry Support

Team for East and Southern Africa, World Health Organization,

Regional Office for Africa, HamrZimbabwe

Introduction: Rifampicin is a key drug in the treatment of
tuberculosis. It is hepatically cleared and it undergoes extensive
first-pass metabolism [1], whose saturation with larger doses has
been reported since early pharmacokinetic (PK) ssifi2].
Rifampicin also induces its own metabolism via Pregnane X
Receptor (PXR) [3]. WHO currently recommend?2 8g/kg doses
of rifampicin. However, higher doses which are likely to be more
effective are being investigated.

Objectives:To develop a poulation model to describe rifampicin
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PK among tuberculosis patients accounting for the anttuction of
rifampicin clearance and saturation of fifgass hepatic extraction.

To explore changes in rifampicin exposures when doses are
increased beyond theucrently recommended range.

Methods: As previously described, blood samples were collected
from 61 HIV/TB cinfected patients in South Africa who had a
median age of 32 years (range:-48 years) and weight of 55 kg
(range: 3499 kg)[4]. Intensive PKmspling was performed on four
occasions after initiation of treatment: day 1, 8, 15, and 29. On each
occasion, samples were collected just prior to the dose and at 1, 2,
4, 6, 8, and 12 h after dose. 41 of the patients received efavirenz
based antiretrovirbtherapy starting on day 15. Weight babdsed
dosing for antituberculosis treatment was implemented according
to WHO guidelines [5]. Plasma rifampicin was quantified using LC
MS/MS. The assay was validated for concentrations betwee8®.1
mg/L.

Data weae analysed using nonlinear mixed effects modelling in
NONMEM VIl using firstrder conditional estimation with eta

epsilon interaction (FOGIE For absorption, the models evaluated
during model building included firgtrder absorption with and
without delay with lag time or a series of transit compartments [6].
With regards to disposition, a one compartment with fiostler
elimination and a semmnechanistic welktirred hepatic model

similar to the one used by Goreli al.[7] were assessed. Auto
induction of clearance over time was described using an exponential
model. To adjust for body size, allometric scaling [8] was applied to
clearance, volume of central and liver compartments, and hepatic
blood flow. The M6 method was applied to handle concentradio
below the limit of quantification [9]. Model development was

guided by change in objective function value (OFV) and diagnostic
plots.
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The final model was employed to simulate exposures at increasing
doses using the demographic data of 870 tuberculpatgents from
South Africa and West Africa (200 repetitionBased on the

current weightbands, exposures were evaluated using doses
equivalent to 1.5, 2, and 3.5 times the current dose. Twdaty

hour areas under the curve at steadiate (AUG24) were predicted
and dose/exposure proportionality was assessed.

Results:Rifampicin PK was best described using a transit
compartment absorption and a wedlirred liver model with
saturation of (firstpass) hepatic extraction. For a typical individual,
volume of the liver compartment was assumed to be 1 L, and the
liver plasma flow 50 L/h. Free fraction of unbound rifampicin was
fixed to 20% (2) Saturation of firstpass metabolism was
parameterized using a Michaeldenten saturation model and
hepatic metdolism was found to have a maximumyGaf 98 L/h at
baseline with a Km of 3.2 mg/L.

Large betweeroccasion variability was detected flrand

absorption mean transit time, while betweesubject variability was
relatively low for both clearance and vohe of distribution (<25%).
Fat free mass was the best descriptor of body size for all clearance
and volume parameters. Increase of hepatig:©ker time was
characterised in the model and it was estimateg:@pproximately
doubles from baseline to stelg state with a haffife of the aute
induction of around 4 days.

As expected, the current model predicts that increases in dose of
rifampicin result in morghan-linear increases in drug exposures as
measured by AUGs. Our simulations show that gi\grpatients 20
mg/kg rather than 10 mg/kg results in 3.2 times higher AUC and
further increasing the dose to 35 mg/kg (3.5 times), the AUC
becomes 8.4 times higher. Simulation results from this study are
predictive of the observed exposures recently repdrie studies
using higher doses of rifampicin by Aarnoutsel. [10]. They
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reported a 3.1 times higher AUC when giving patients 1200 mg
compared to 600 mg dose, closely in line with our model
predictions.

ConclusionWe developed a model for rifampiciRK that

characterises autanduction of clearance and saturation of
metabolism, which is evident on firpiass extraction even at the
current doses. The model correctly predicts that increasing the dose
of rifampicin results in a more than proportionatiease in drug
exposure. Our simulations with a 20 mg/kg doses produce results
closely in line with those from recent clinical trials.
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Jason Chittendeizvaluation of stepwise covariate
model selection with Bayesian models

Jason Chittenden (1) and Klaas Prins (1)
(1) gPharmetra LLC, Andover, MA, USA

Objectives:Stepwise covariate modeling (SCM) is a commonly used
tool for covariate model selection. Traditially, SCM as

implemented in Perl Speaks NONMEM (PsN)[1] is performed using
deterministic estimation methods (e.g. FOICEaplace). The recent
availability of stochastic methods, such as: stochastic approximation
EM (SAEM), importance sampling EM (IMPEW) Bayesian

Markov Chain Monte Carlo methods (BAYES) [2] raises the question
of how the SCM process fares in the face of stochastic noise in the
objective function. Prompted by a real case where SCM failed with
FOCH and succeeded with BAYES the cursgmulationestimation
study aims to test the performance of FOIGE. BAYES methods in

a hypothetical SCM process and to challenge the model selection
criterion used.

Methods: The true model was a oreompartment elimination, ¥-

order absorption PK mad with body weight proportionally

increasing volume of distribution and CL decreasing with age. From
this model a data set with 90 subjects with dense sampling was
simulated 100 times. Other, neéimpactful and highly correlated
covariates were added to éhdata set. Using the correct structural
model, an SCM for three scenarios was run on all data sets and the
success rate to recover the true model was retained. The three SCM
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scenarios were: 1) using FOICEnd the final objective function

value (OFV) asadel selection criterion, 2) using MCMC BAYES and
the sample mean OFV and 3) using MCMC BAYES and the Deviance
Information Criterion[3] (DIC)DIC has been suggested [4,5] as a
robust method for model selection in Bayesian analyses. The SCM
tool in PsN wa modified to compute either the mode of the OFV
(current SCM default) or the DIC to be used as model selection
criterion. Where SCM failed to identify the true model it was
determined if pruning of the selected model by removing nhon
significant (alpha=5%)fects would arrive at the true model.

Results:Scenario 1 (FOCE_I & mode of OFV) selected the true

model in 66% of the cases, with 68% succeeding after pruning.
Scenario 2 (MCMC BAYES, mode of OFV) also succeeded 66% of the
time, increasing to 78% witbruning. Scenario 3 (MCMC BAYES,

DIC) performed worst at 5% success rate, and 25% after pruning.

Conclusion SCM can be performed using MCMC Bayesian or-FOCE
estimation interchangeably using the OFV as model selection
criterion. The DIC criterion was fiodi to be unsuitable for the

stepwise covariate search when using Bayesian estimation.
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Palang ChotsirPopulation pharmacokinetic and
cardiotoxic modelling of the antimalarial drug
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Medicine and Global Health, Nuffield Department of Medicine,
University of Oxford, hited Kingdom

Objectives:This study aimed to characterise the pharmacokinetic
properties of the antimalarial drug piperaquine and its propensity
for QTc prolongation, and its potential drgigug interaction with
the transmission blocking agent primaquine.

Methods: Sixteen healthy volunteers were recruited to this study
and randomly administered primaquine alone, dihydroartemisinin
piperaquine alone, and dihydroartemisiAgiperaquine with
primaquine at three occasions. Nonlinear mixeftects modelling
wasperformed to characterise the pharmacokinetic properties of
piperaquine. The effect of primaquine -eaministration was

evaluated separately as a categorical covariate on all individual
pharmacokinetic parameters and by using a full covariate approach.
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All remaining covariates were evaluated by a stepwise
addition/elimination approach. Doubldelta Fredericiecorrected

ve YSIFadiNBYSyda 6ppveOCy 6SNBE Y2R
response pharmacodynamic model.

Results:Piperaquine plasma concentrations weresb described by

two transitabsorption compartments followed by thregisposition
compartments. No clinical covariates had a significant impact on the
pharmacokinetic parameters, and-eaiministration of primaquine

did not affect the pharmacokinetic prop#es of piperaquine.

nnpnveoOC AYONBIFASR fAYSIENI& gAGK AY
concentrations. Simulations using the final pharmacokinretic
pharmacodynamic model suggested that 95% of individuals with

peak piperaquine concentrations below 850 ng/mL will have a
npveOC 6St26 cn Y{SOo

ConclusionsData presented here demonstrated that-co
administration of primaquine did not alter the pharmacokinetic
properties of piperaquine. Simulated maximum piperaquine
concentrations after a standardday antimalarial therappf
dihydroartemisininpiperaquine were below that considered to
produce a clinically significant QTcF prolongation.
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Steve Cholodelling the disease progression of
diabetes from healthy to overtly diabetic in ZDSD rats
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Kjellsson (1)
(1) Department of Pharmaceutical Badences, Uppsala University,
Sweden, (2) Clinical Pharmacology, Johnson & Johnson
Pharmaceutical Research and Development, Beerse, Belgium

Objectives:Type 2 diabetes (T2DM) is a disease exhibiting a gradual
worsening of hyperglycemia, on the timescaleye#rs. Studying the
critical transitional phase from healthy to diabetic is of interest, but
acquiring such data in humans is not practical due to ethical reasons
and the long study duration required.

ZDSD rats, a strain of rats bred specifically to tgrmeously develop
metabolic syndrome and type 2 diabetic symptoms [1] has been
used in a population model to describe the changes in insulin
sensitivity (IS), betaell function (BCF) throughout different phases

of diabetes and their effects on glucose andulin.

Methods: Body weight (WT), fasting plasma glucose (FPG), and

fasting serum insulin (FSI) were collected every 2 weeks for 24

weeks from ZDSD rats (n=23) startlng from age 7 weeks. During
0KSaS uwn 6SS1a 0KS NI {aSindicafeddzf Ay
by hyperinsulinemia with normoglycemia. Eventually the rats

become overtly diabetic with hypoinsulinemia and hyperglycemia.

The weight of the rats increases due to natural growth and excess
ANRPGOK 2Ay3 (2 (§KS alevhdopesits. LINE L.
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As the rats become hyperglycemic the weight decreases slightly. A
semimechanistic model previously developed with human data [2]
was adapted to rat data. Baseline IS and BCF were estimated
according to the human homeostatic assessment m@d€IMA)

[3]. Nontlinear mixedeffect model estimation was performed with
NONMEM 7.3 [4] with firsbrder interaction.

ResultsBaseline estimated IS and BCF were 39% and 41% of normal
humans, respectively. Egrowth was best described with a

stimulatory effect with a maximum of 1.8, gradually decreasing to 1.
BCF was described with a ntimear rise until it reached a mean

peak around 14 weeks, before it declined to a negligible level,

leading to hypoinsulinemia and hyperglycemia. The-8&&ndent

urine effect exerted a 2 to 8old increase on the Kout of FPG

Conclusions:A semimechanistic model was successfully developed

for a rat population to describe insulin and glucose profiles

adequately, transitioning from healthy to an advanced stage of

diabetes. is also shown that weight loss can be modeled to mimic
Gadl NDFGA2Y Ay GKS YARAG 2F LX Sy
to hypoinsulinemia and hyperglycemia.
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Ei. Christodoulou(l), Z.I. Kakazanis(2), N. Kostomitsopoulos(2), A.
Dokoumezidis(1), G.Valsami(1)
(1) Laboratory of BiopharmaceutiBharmacokinetics, Department
of Pharmaceutical Technology, School of Pharmacy, National and
Kapodistrian University of Athens, Greece (2) Center of Clinical
Experimental Surgery and Translationak&arch, Biomedical
Research Foundation, Academy of Athens, Greece

Objectives:To develop a PK model to describe serum
pharmacokinetics and bioavailability of saffron aqueous extract, and
especially the PK properties of crocetin, after peros and intravenou
administration to mice.

Methods: A lyophilized aqueous extract of Crocus sativus L.
stigmata was administered to 80 C57BI/6J male mice (dose 60
mg/kg body weight) after reconstitution with sterile water. Mice

were divided into groups of five and saa#d at selected time

points for blood and tissue sampling. Serum samples were analyzed
with an HPLOAD method developed for crocetin (the metabolite

of crocin, the main antioxidant component of the aqueous extract)
[1]. Crocetin serum concentration datfter both iv and peros
administration were analyzed in NONMEM to describe serum
pharmacokinetics and bioavailability of saffron aqueous extract.
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Results:Crocetin serum levelsere measured after p.o. and i.v.
administration of lyophilized saffroaqueous extract using
standardized calibration curves. Mean measureg@alue was
F2dzy R opn QW p> FKAYW[O & & R Ho$B0F N PN C
min) for i.v and peros administration respectively. Serum i.v and
peros data were described by a enempartmen model

parametrized for i.v. administration as V=33.5 mL, CL=55.2 mL/h
and k=12.1 h' representing the rate of crocin to crocetin
transformation (%RE 22.1); and for peros administration V=13.0 mL,
CL=41.5 mL/h and k=2.01 h', representing a hybridate of

absorption and crocin to crocetin transformation (%RE 25.6).
Crocetin bioavailability after peros administration was found
comparable to i.v. administration of saffron extract, probably
because the intestinal tract serves as an important site focior

(main saffron constituent precursor of crocetin) hydrolysis to
crocetin [1] and thereafter rapid absorption and entrance to blood
circulation. However, since crocetin is also metabolized to
glucuronides, measurement of total crocetin (free+glucurohide
required and is in process to fully characterize oral bioavailability.

ConclusionsBoth i.v. and peros pharmacokinetics of crocetin after
single dose administration to C57BI/6J male mice as saffron extract
was adequately described by a one compartiniel model. After

p.o. administration crocin, the main constituent of saffron extract,
was rapidly hydrolyzed to its active metabolite crocetin in the Gl
tract and measured serum crocetin levels were comparable to those
after i.v. administration.

Referenes:

[1] Xi L, Qian Z, Du P, Fu J. Pharmacokinetic properties of crocin
(crocetin digentiobiose ester) following oral administration in rats.
Phytomedicine 14:63836, 2007.
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Laurent ClaretA comparison of two stage and joint

tumor growth inhibition-progression free survival

modeling approach to simulate clinical outcome in
oncology

Laurent Claret (1), Rene Bruno (1), Bei Wang (2), Mathil
Marchand (1), Chunze Li (2), Sandhya Girish (2), Jin Jin (2), Angelica
Quartino (2)
(1) Pharsight Consulting Services, Pharsight, a CertaraTM Company,
Marseille, France (2) Genentech Research and Early Development
(JRED), Roche, South San Francisco, CA

Obijectives In anticancer drug development, tumor growth

inhibition (TGI) metrics have been increasingly used to predict
clinical outcomes: overall survival (OS) or progression free survival
(PFS) [1]. This approach involves two step modeling (TSM): 1) a
longitudinal TGl model to estimate TGI metrics and 2) a time to
event model to link TGI to clinical outcome. This TSM approach has
been criticized [2] because the uncertainty of the individual TGl
metrics estimations is not carried forward in the time teeav

model likelihood, and it is proposed to use a joint model (JM) fitting
simultaneously both dependent variables. If JIM cannot be easily
applied for OS as longitudinal and time to event data are not
recorded simultaneously and TGl models cannot be extedpd

after treatment stop, it can be evaluated on PFS.
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Methods: TSM and JM were evaluated on a study comparing two
treatments based on PFS hazard ratio (HR) in cancer patients. TSM
and JM were implemented in NONMEM 7.2. TGI data are described
by a biexponential model [3] implemented in a ndimear mixed

effect approach and PFS data by a Weibull distribution. PFS models
are evaluated in their abilities to simulate distributions and
treatment HR.

Results In the TSM approach the Weibull PFS distribution is defined
by patient characteristics and TGI model parameters [3]. The model
is qualified to predict PFS in patient sgimups and treatment HR.

The JM model development revealed that Tit&trics provided

better fit than hazard as function of longitudinal baseline adjusted
tumor size prediction and a Weibull distribution of the intercept was
better than a constant one. The final JM got the same structure.
Model parameter point estimates and posterior prediet

distributions of JM and TSM were similar. PFS model parameters
were estimated slightly more precisely with JM.

ConclusionsThis comparison, based on an analysis of single study,
shows that despite a slightly better precision of JM model
parameter estinates, structural models and prediction
performances were similar for both approaches. TGl metrics were
better than tumor size as function of time to drive PFS hazard
function. JM model can be used to predict PFS based on TGI
profiles. Ultimately, the gohof the model will have to be

accounted for e.g. develop the best model to simulate alternative
clinical trial designs, assess an early marker of effect to support
decisions or predict individual patient outcomes to support
therapeutic decisions.

Referenes:

[1] Bruno R et alClin Pharmacol Ther. 95, 398, 2014
[2] Mansmann UR et al. J Clin Oncol. 31, 4373, 2013
[3] Stein WD et al. Oncologist 13, 1@4654, 2008
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Pieter ColinTowards TDMguided dosing for cefepime
in the critically ill

Pieter Colin, Stijn Jonckheere, Hans De Beenhouwer, Nikolaas De
Neve, An Vermeulen, Jan Van Bocxlaer
Ghent University

Objectives:Cefepime (CFP),éxtensively used for serious

infections in the intensive care unit. Several groups described
extensive variability in plasma concentrations and a high proportion
of ICU patients not achieving suitable PKPD targets following
currently used clinical treatnm@ regimens. Nevertheless, due to
discrepancies between published models for CFP and uncertainties
with respect to the correlation between CFP clearance and different
GFR biomarkers, therapeutic drug monitoring is not yet routinely
implemented for this compound. We set out to compare the
predictive performance of the different published models and
propose a new model / sampling strategy to guide CFP dosing in the
ICU.

Methods: Plasma and urine samples were obtained from patients
who were treated with CFPgp standard of care, in the ICU of the
OLVZ hospital in Aalst, Belgium. Patients were treated with a
median of 10 doses resulting in a median foloprof 80 hours.
Using NONMEM, median prediction error and root mean square
error were chosen as a performe@ metric to compare the

different models. As a step up from the available models we
investigated whether adding different biomarkers for GFR as-time
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performance.

Results:The predictiveperformance of earlier published models

was found unsatisfactory in our patient cohort. Furthermore, the
non-renal clearance of CFP, which accounts for approx. 1/3wef CL

is frequently ignored, making accurate predictions of CFP clearance
impossible. Sice, in our institution, 1/5 patients on CFP undergo
hemodialysis we developed a PopPK model including in addition to
parameters describing the renal and nroenal clearance, a Ghysis

LI NI YSGSN)I RSAONROARAITTIREABREY YENCY
Findly, by incorporating CKBPI as a timgarying covariate on the
NEBylt /Ct OfSINIybEwadfirer Y2 RSt Q&
improved.

ConclusionsA therapeutic drug monitorinpased adaptation of

our PopPK model could allow to adequately control theled
variability in this vulnerable patient population. Nevertheless, more
accurate, norserum creatinine related, GFR estimators might be
more suitable to followup on changes in CFP clearance over time
(and are currently under evaluation), reducing tecessity of daily
TDM measurements.
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Francois CombeBopulation Pharmacodynamic
Modeling and Simulation of AntDbesity Clinical Tals
to Explore Longitudinal Weight Loss

Combes FP (1), Vakilynejad M (2), Lahu G (3), Lesko LJ (1), Trame
MN (1)
(1) Center for Pharmacometrics and Systems Pharmacology,
Department of Pharmaceutics, College of Pharmacy, University of
Florida, Orlando, FUSA; (2) Takeda Pharmaceuticals Research
Division, Pharmacometrics, Deerfield, IL, USA; (3) Takeda
Pharmaceuticals Research Divsion, Pharmacometrics, Zurich,
Switzerland

Objectives:Currently, drugs approved for obesity treatment have
shown a wide rangefaesponse in clinical trials, even though the
dropout rate remains high [1]. The mechanistic reason for-non
response or dropout during the treatment period remains unclear.
The obijective of this study was (i) to develop a Population
Pharmacodynamic (PoplPBiodel describing BodyWeight (BW)
time-courses in obese subjects on placebo and LifeStyle
Interventions (LSI), (ii) to evaluate the transition probabilities
between Responder (R), Nétesponder (NR) and Dropout (D)
states using a Markov Model (MM), and)(io simulate the

outcome of antiobesity trials using the developed PopPD/MM with
regard to R, NR and D rates.
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Methods: 1102 obese patients (BMI>30) on placebo, in Phase llI
naltrexonebupropion trials, were included in this analysis with up
to 60 weels of BW information. Subjects were instructed on dietary
changesf-500kcal/d) and encouraged to exercise 3 times/week. To
analyze the placebo patient level data, an indirezgponse model
with 0 and ®-order rate constants for BW gain and loss,
respectvely [2], for the purpose of predicting longitudinal BW loss
under different LSI, was used.

MM was developed to predict time courses of transition
probabilities between R, NR, and D stateg]3Longitudinal BW,
predicted using the PopPD model, was exadias a covariate on
the transition probabilities to explain the D or R pattern.

Results:The PopPD model described the BW change over time
adequately for all subjects included in this analysis. The estimated
MM probabilities of transitions between R tdRN0.162), R to D

(0.048), NR to R (0.195), and NR to D (0.070), concluded that NR are
more likely to dropout than R. The predicted longitudinal BW over
time when used as a covariate was shown to significantly influence
the transition probabilities betweenll R, NR, and D states. The
developed PopPD/MM model was enabled to simulate R, NR, and D
rates for antiobesity clinical trials.

ConclusionsThe joint PopPD/MM described longitudinal BW loss
and transition probabilities between states in antesityclinical

trials well, concluding that BW is a major factor influencing the
probabilities. Further research is required to explore other covariate
effects such as treatments, and side effects. The developed
framework can be utilized for clinical trial sitations to inform
go/no-go decisions in antibesity drug development [5].

References:

[1] Gadde KM,Current pharmacotherapy for obesity: extrapolation
of clinical trials data to practic&xpert Opin Pharmacother
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[2] Van Wart S, et aMlodeling the timecourse of body weight for
subjects given placebo in an obesity trial, ACOP (American
Conference on Pharmacometrics), 2011,San Diego, USA.

[3] Lacroix BD, et al, A pharmacodynamic Markov meféetts

model for determining the effect afxposure to certolizumab pegol
on the ACR20 score in patients with rheumatoid arthriin
Pharmacol The2009;86(4):38705

[4] Karlsson MO, Introduction to Markov modelling, PAGE meeting
(Population Approach Group in Eurpp2012, Venice, Italy. [5]
Sonnenberg FAt al, Markov models in medical decision making: a
practical guideMed Decis Makind.993;13:322338.
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Emmanuelle Comet3oint modelling of iron and
hepcidin during the menstrual cycle

Adeline Angeli (1), Fabrice Lainé (1), Bruno Laviolle (1), Emmanuelle
Comets (1,2)
(1) INSERM CIC 1414, Rennes, France; Université ReReeses,
France(2) INSERM, IAME UMR 1137, Paris, France; Univ Paris
Diderot, Sorbonne Paris Cité, Paris, France

Objectives:lron is a key element for the organism, involved in many
biological processes.Serum iron levels are regulated through
digestive absorption from faband sophisticated storage
mechanisms Hepcidin is a peptidic hormone regulating iron storage
and release. It is synthesised by the hepatocytes, and interacts with
ferroportin, a cellular irorexporter located on macrophages,
hepatocytes and intestinal ds| to prevent iron from being released
from these cells into the general circulation . A recent analytical
method developed to measure hepcidin allows its use in the
diagnostic of irorrelated pathologies such as iron overload or
anaemia. Women lose irasuring menstruation, which causes cyclic
variations in irorstatus variables [1]. The HEPMEN study was
designed to follow serum levels of hepcidin and iron during the
menstrual cycle.

Methods: Ninety menstruating women between 18 and 45 years of
age were ecruited in after a screening visit, where demographic
covariates were recorded. Six fasting blood samples for
determination of ironstatus variables were taken in the morning
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throughout the cycle, starting on the second day of the period.-Non
linear mixedeffect models were used to describe the evolution of
iron and hepcidin, first separately then simultaneously. Parameters
were estimated using the Monolix software [2]. Diagnostics
included VPC and npde [3].

Results:A general pattern was observed for bdikpcidin and iron,
consisting of an initial decrease during menstruation, followed by a
rebound, and stabilisation during the second half of the cycle.
Considerable fluctuations were observed in both iron and hepcidin
levels, as well as in individual pites.

We developed a joint model of iron and hepcidin. Menstruation
induced a decrease of both molecules at the beginning of the
menses, and the rebound was modelled as an increased input. Iron
stimulated the release of hepcidin. Several covariates, imatud
contraception, amount of blood loss and ferritin, were found to
influence the parameters of the model. Simulations were then
performed to evaluate the fluctuations of both variables during a
typical cycle, and to establish recommendations for time of
measurement.

ConclusionsConsiderable fluctuations of hepcidin occur
throughout the menstrual cycle. Hepcidin should be measured
during the second half of the cycle, but the residual variability for
hepcidin was large, reflecting daily intraindividual atans.

AcknowledgmentsThis work was funded by a grant from the PHRC
inter-régional 2012 (PHRC/AR2)

References:

[1] Kim I, Yetley E, Calvo M. Variations instatus measures

during the menstrual cycle. Am J Clin Nutr 1993; 589.05

[2] Monolix Use Guide, version 4.2.2. Lixoft 2013.
http://www.lixoft.eu/wp -

content/resources/docs/UsersGuide.gd8f Comets E, Brendel K,
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Ana Margarita Contreras Sandovdlowards a
platform PK/PD model for an artiPDL1 monocloml
antibody through a preclinical syngeneic melanoma

mouse model

Ana Margarita Contreras S (1), Maria Ga@iemades (1), Maria
Merino (1), Laurent Blom (1,3), Pedro Berraondo (2), Ifiaki F.
Troconiz (1), Maria Jesus Garrido (1).
(1) School of Pharmacy. patment of Pharmacy and

Pharmaceutical Technology. University of Navarra. 31008.
Pamplona. Spain. (2) Division of Gene Therapy and Hepatology.
Center for Medical Applied research (CIMA). University of Navarra.

31008. Pamplona. Spain. (3) Department ofrRtexy and
Biomolecular Science (PBS). Liverpool John Moores University.
Liverpool, L3 5AF. UK.

Objective.To develop a platform PK/PD model for an d&riiL1
monoclonal antibody (mAb). P is a ligand ovexxpressed on
tumor cells and is able to dowregulate the immune response to
enhance tumor proliferation. This study includes serum and tumor
levels of an antPDL1 mAb, as well as measures of tumor size and
specifics immune biomarkers to stablish a relationship between the
mADb treatment and the effect

Methods. In-vitro assayThe endogenous expression of-BDand

the effect over its expression due to different concentrations and
times of exposure to an arBDL1 mAb was characterize for B16
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OVA cell line by flow cytometry along 72h. Then, threfediht
mechanism of internalization for the mAb were also exploied.

Vivo assays.c. syngeneic melanoma model was stablish for B16
OVA. Mice were randomly assigned to one control and three
different treated groups according to the day when the treatment
stars. 100 pug mAb/mouse Q3D x 4 administrations were given i.v. to
the treated groups, and tumor growth profiles were recorded. For
another group of mice with tumor volume ZD mn?¥, treatment

was given as explained above and at different time pointsreeru

FYR GdzY2NJ Y! 0Qa O2yOSYyiGNY A2y 61 &
lymphocyte and different immune biomarkers (CEB/A and P})

were guantify by flow cytometry. A BL6F10 syngeneic melanoma
model was used to validate these data. Data from PK/PD assays was
analyzed using NONMEM 7.2 and plots were done with R program.

Results.In-vitro assayPDL1 is expressed in 100% of BAGA cells.

An antiPDL1 mAb treatment is able to block this expression with

y2i RSLISYRSyO0S 2y (KS GAYSs2F SEL
recovery seems to be concentration and tidependent, which

suggest a complex mechanism of internalization different than
endocytosisin-vivo assayOne compartmental model describes

time profile of an antPDL1 mAb in amm-vivotumor free mouse

modd. Tumor growth profiles, explored for B16F10 and BA\A

OStft fAYyS>EI 6SNB RSapNIKPS &alysidis | | Ky
currently ongoing.

ConclusionsAnti-PDL1 mAb was able to block the Dv Q a
expression at the surface of melanoma cells for enibvan 72h. The
presence of the OVA antigen seems to be the main responsible for
the efficacy of the mAb over BABVA cells, which is even greater
when tumors are treated at earlier stages. Immune response can be
modulated by an arPDL1 mAb to promote miati-tumor effect.

References:
[1] Li B, VanRoey M, Wang C, et al. Clin Cancer Res. 2009. Mar
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Teresa Dalla CostBopulation analysi®f levofloxacin
in plasma, lung and prostrate measured by
microdialysis in Wistar rats after intravenous and
intratracheal administration

Estevan Zimmermann(1,2); Camila Neris (1); Stephan Schmidt (2);
Chakradhar Lagishetty (2); Teresa Dalla Costa (1)

(1) Pharmaceutical Sciences Graduate Program, Federal University
of Rio Grande do Sul, Brazil; (2) Center for Pharmacometrics &
Systems Pharmacology, School of Pharmacy, University of Florida at

Lake Nona, Orlando, USA

Objectives:To evaluate levofloxacin (Elung and prostate
interstitial fluid (ISF) concentrations with and without tariquidar
(TAR), afgp inhibitor, viewing to elucidate this fluoroquinolone
penetration mechanism and to develop a population
pharmacokinetic (POPPK) model able to describerxental data
simultaneously.

Methods: Wistar rats (306400 g) were randomly distributed in

eight groups (n = 6/groups). For each dose/route of administration,
one group was used for total plasma sampling and one for ISF
concentrations sampling. Animalsceived LEV 7 mg/kg

intravenously (i.v.) or intratracheally (i.t.) alone or 30 min after TAR

15 mg/kg i.v. dosing. Experiments approved by CEUA/UFRGS 21169.
CMA/20 microdialysis probes (4 mm, cutoff 20 kDa), flushed with
Ringer’s solution 1.5 pL/min, wewnsed to collect ISF free
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concentrations in both tissues. Throughout the experiment, animals
were kept anesthetized with urethane and under mechanical
ventilation. Total LEV concentrations in plasma and free lung and
prostate were investigated up to 12 h.sémimechanistic

population pharmacokinetic model was developed using NONMEM
version 7.2 to simultaneously characterize total plasma and free ISF
tissues (lung and prostate) concentrations.

Results:A four compartment model was appropriate to
simultaneou$y characterize and predict concentrations in total
plasma and in the ISF of prostrate and lung, target infected tissues
treated with this drug [1,2]. Statistically significant differences were
observed for three parameters for TAR group compared to céntro
group (ung penetrationprostrate penetratiorandkidney active
secretior). The final model was best in terms of curve fitting,
precision of parameter estimates and model stability. The
interindividual variabilities were reasonably small for the
parameers in the model. The intravenous model was extended and
adapted to describe the intratracheal route of administration. The
intratracheal model was adequate to fit simultaneously plasma and
lung levels in presence and absence of TAR.

ConclusionsA semimechanistic POPPK model was successfully
developed to describe LEV total plasma and free ISF concentrations
in lung and prostate. The results indicatgPimpact on LEV renal
active secretion. Efflux transporters are relevant to pulmonary
penetration only after intratracheal dosing. In the prostate, our
findings strongly support the role of efflux transporters besidepP
participating in LEV tissue penetration.

References:

[1] F. Bambeket al., Clin. Microbiol. Infect1, 4 (2005).

[2] J. Mouon et al., J. Antimicrob. Chemothegl, 2

(2008). Financial support from FAPERGS/Brazil and CNPq/Brazil. E.
Zimmermann PhD scholarship from CAPES/Brazil.
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Andre DallmannDevelopment of a PhysiologicaHy
Based Pharmacokinetic Population Model for
Pregnant Women

Andre Dallmann (1), Ibrahim Ince (2), Michaela Meyer (2), Kirstin
Thelen (2), Stefan Willmann (2), Thomas Eig@hdseorg Hempel
1)
(1) University of Minster, Miinster, Germany, (2) Systems
Pharmacology CV, Bayer Technology Services GmbH, Leverkusen,
Germany

Objectives:The goal of this study is to develop a physiologieally
based pharmacokinetic (PBPK) model far piediction of
pharmacokinetics (PK) of small molecule drugs in healthy Caucasian
pregnant women from conception until term.

Methods: A systematic literature search was carried out to identify
and collect study data on pregnanoglated changes of anatowal,
physiological, and functional parameters to establish a PBPK
population model for healthy Caucasian pregnant woman. Each
study was quality appraised and the data were extracted if the
study met the inclusion criteria. The extracted data were further
analysed and compiled in a database. A set of mathematical
functions was fitted to the data and the best performing function
was selected based on numerical and visual diagnostics together
with literature support. The mathematical functions were
implementedin PKSIim®/MoBi® [1] and the pexisting PBPK

model structure for healthy Caucasian adult women was extended
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by pregnancyrelevant compartments to create a prototype whele
body PBPK population model for pregnant women.

Results:The literature search yigéd 279 studies with 9409
anatomical, physiological, and functional data on 880 healthy
Caucasian preghant women. These data comprised information on
28 out of 50 parameters. Rich data were found for many relevant
parameters such as cardiac output, ggatal volume, and uterine
arterial blood flow. Parameters for which minimal or no data could
be found, such as brain or bone volume, were set to the values of
non-pregnant women and were kept constant throughout
pregnancy. The mathematical functions weedected based on
numerical and visual diagnostics and described the tielated
changes adequately. They were implemented in a prototype whole
body PBPK population model for healthy Caucasian pregnant
women.

ConclusionsA set of mathematical functionsedcribing changes in
anatomical, physiological, and functional parameters throughout
the course of pregnancy is developed and implemented in a
longitudinal and timevarying prototype wholébody PBPK model for
healthy Caucasian pregnant woman. Ultimatelystmodel could be
applied to investigatén silicothe PK of small molecule drugs in this
vulnerable special population.

References:

[1] Eissing Tet al.. A computational systems biology software
platform for multiscale modeling and simulation: integreg whole
body physiology, disease biology, and molecular reaction networks.
Frontiers in physiology 2011;21D.
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Adam DarwichGastric emptying and its covariates

Adam S. Darwich (1), Alison Margolskee (1), Kayode Ogungbenro
(1), Aleksandra Galetin (1), Leon Aarons (1), Amin Rostadjegan
1.2)
(1) University of Manchester, Manchester, UK, (2) Simcyp Ltd,
Certara, Sheffield, Kl

Objectives:Gastric emptying plays an important role in governing
the rate of oral drug absorption of readily absorbed drugs. The aim
of this study was to characterise the influence of covariates on
gastric emptying in a quantitative manner.

Methods: Anextensive literature search was carried out using
PubMed (1956May 2014) in order to identify publications of clinical
trials investigating gastric emptying. Quantitative measures of
gastric emptying were recorded, including gastric emptying rate,
half-life, lag time, and a number of other predefined variables. A
statistical metaanalysis approach was applied in order to develop a
multivariable linear regression model based on identified significant
covariates.

Results:Over 4,000 articles were identifieatcording to the search
criteria, out of these over 1,000 publications containing over 3,000
study arms fulfilled the criteria and were included in the meta

analysis. Data analysis concluded general demographics such as age,
weight, height and gender, todve little or no impact on gastric
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emptying, instead most of the variability was explained by caloric
content, meal composition and solid/liquid state.

ConclusionsThis work presents a multivariable linear regression

model with potential applicability ipharmacokinetic modelling in
order to account for covariate effects on gastric emptying.
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Camila De Almeid&KPDBefficacy modelling of
AZD9496, a novel oral selective estrogen receptor
downregulator

Camila de Almeida (1), Klas Petersson (3), Lars Lindbom (3), Peter
Ballard (1), Phillip MacFaul (1), Hazel M. Weir (2), Jon Curwen (2),
Zena Wilson (2), Michael Hulse (2), Steve Powell (2)nQwees (1)
(1) Oncology iMed DMPK, AstraZeneca, Alderley Park, UK; (2)
Oncology iMed Bioscience, AstraZeneca, Alderley Park, UK; (3)
gPharmetra, Stockholm, Sweden

Objectives:To develop a preclinical A Efficacy model for
AZD9496, a novel oral seleigstrogen receptor downregulator

[1]. Using a parenmetabolite PK model for AZD9496, to quantify
the relative contributions of both to the pharmacodynamics effects
in MCF7 xenografts. To use the predicted biomarker modulation to
drive tumour growth inhilion (TGI) in xenografts, integrating
diverse endpoints into a single model using nonlinear mixed effect
analyis [2, 3].

Methods: Discrete Pareninetabolite PK data pooled with PK info
from PD and efficacy studies were analysed in a population model
with proportional error using NONMEM.

Progesterone receptor A (PRA) in tumours of male MCF7 xenografts

were measured in time course PD studies after oral administration
of AZD9496 or its metabolite with doses ranging from 0.2 to 5
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mg/kg for three days. Tumouragwth inhibition (TGI) data has been
generated from MCF7 xenograft studies conducted at a range of
doses from 0.02 to 50 mg/kg for 21 days.

I étw! RNAGSYyé¢ ¢DL Y2RSt 41 a LINEL
fitted using an integrategopulation PK, indirect PD and biomarker
driven efficacy model in NONMEM.

Results:A two comparment model for parent and one
compartment model for metabolite with proportional error
adequately fitted the PK data. The terminal Hatés of both parent
andmetabolite are around 5 hours.

An indirect response model for inhibition of PRA synthesis
adquately described the observed delayed between PK and PD for
both parent and active metabolite, predicts PRA degradation half
life to be 24 hours and a maximum dd% contribution of the
metabolite to the observed PD effects in xenografts.

A biomarkerdriven efficacy model, with tumour growth

proportional to the levels of PRA, adequately descrived the efficacy
data. This model was used to predict likely human dosessth on
PBPK predicted human PK and target PRA inhibition.

ConclusionsComplete integration of preclinical FBO and efficacy
data into a single model was obtained used nonlinear mixed effect
analysis in NONMEM, taking into account the irdaimal variafity
observed in PKstudies. This is a novel approach that focuses on the
mechanism of action of the drug and helps bridge the gap between
preclinical and clinical studies, deviating from the traditional PK
efficacy models, for a better estimation of dosesiumans [4].
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Vanderburght (2)Sarah Desmet (1), Brett McWhinney (4), Jacobus
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Belgium, (2) Heymans Institute Bharmacology, Ghent University,
Ghent, Belgium, (3) Department of Pharmacy, University Hospitals
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Cardiac Surgery, Ghent Univegrdilospital, Ghent, Belgium, (6)
Department of Anaesthesiology, Ghent University Hospital, Ghent,

Belgium

Objectives:Scarce data are available to guide cefazolin dosing in
children undergoing cardiac surgery with cardiopulmonary
bypass[1,2]. The objectivd# this trial is to derive a moddlased
dosing regimen for cefazolin in this patient population.

Methods: 56 infants and children were included (median age: 0.75
years; range:0.015 years) and received following intravenous
dosing regimen: 25 mg/kg 30inutes before surgical incision, just
before start weaning of cardiopulmonary bypass, 8 hours after the
2nd dose and 8 hours after the 3rd dose. Blood, auricle and
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subcutaneous fat tissue samples were collected before, during
and/or after cardiopulmonary ypass. NONMEMY7.2 was used for
population PK modelling and covariate analysis of plasma and tissue
data. Internal validation of the final model was performed using a
non-parametric bootstrap and Visual Predictive Check (VPC).

Results:A two compartment mdel best described bound and
unbound plasma concentrations. The effect of cardiopulmonary
bypass was modelled using a separate compartment. The
relationship between bound and unbound concentrations was
described by a saturable binding model, and whereipla albumin
levels was a significant covariate on maximum binding capacity
(Bmax). Weight was identified as a significant covariate on all
plasma and tissue clearance and volume parameters using
allometric scaling. Implementation of estimated Glomerular
Fitration Rate (eGFR) as a covariate on plasma clearance further
improved the model.

ConclusionsThe proposed model adequately describes cefazolin
plasma and tissue pharmacokinetics in infants and children
undergoing cardiac surgery with cardiopulmonarpéss. In a next
step, Monte Carlo simulations will be performed to optimize dosing
in this vulnerable patient population.
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Sjoerd De Hoog@opulation pharmacokinetics of
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morbidly obese patients and healthy volunteers

Sjoerd de Hoogd (1), Pyry Valitalo (2), Allpahan (3), Simone van
Kralingen (4,5), Eric P.A. van Dongen (4), Bert van Ramshorst (6),
Catherijne A.J. Knibbe (1,2)
(1) Department of Clinical Pharmacy, St. Antonius Hospital,
Nieuwegein, The Netherlands, (2) Division of Pharmacology, LACDR,
Leiden Uiversity, Leiden, The Netherlands, (3) Department of
Anaesthesiology, Leiden University Medical Center, Leiden, The
Netherlands, (4) Department of Anaesthesiology and Intensive Care,
St. Antonius Hospital, Nieuwegein, The Netherlands, (5) Department
of Anaesthesiology, Sint Lucas Andreas Hospital, Amsterdam, The
Netherlands (6) Department of Surgery, St. Antonius Hospital,
Nieuwegein, The Netherlands

Objectives:Morbidly obese patients are at increased risk of side
effects of opioids, especially after surggL]. While in clinical

practice postoperative pain management in adults with morphine is
generally fixed dosed[2], the pharmacokinetics of morphine and
metabolites in morbidly obese patients are poorly studied[3]. The
aim of this study is therefore to westigate the pharmacokinetics of
morphine and morphine metabolites (morphit3eglucuronidate
(M3G) and morphiné&-glucuronidate (M6G)) in morbidly obese
patients and norobese healthy volunteers.
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Methods: In a prospective study, 20 morbidly obese patiemtgh a
mean BMI of 49.9 kg/m2 (range 3% &8.6 kg/m2 ) and a mean
weight of 151.3 kg (range 1x251.9 kg) and 20 healthy
volunteers[4] with a mean weight of 70.6 kg (rangec®b kg) were
included in the study. Morbidly obese patients received 10 mg
intravenous (1.V.) morphine for postoperative pain management
after gastric bypass surgery, with additional morphine 1.V. doses as
needed. Morphine, M3G and M6G blood concentrations were
measured at T=0, 5, 15, 30, 45, 60, 90, 120, 150, 240, 420. Healthy
volunteers[4] received an 1.V. bolus morphine 0.1 mg/kg followed
by an infusion of 0.030 mg/kg/hr for 1 hour. Morphine, M3G and
M6G was measured at T=0, 5, 10, 20, 40, 60, 65, 80, 100, 130, 180,
300, 420. Population pharmacokinetic modeling and covariate
analysis characterizing the influence of body weight was performed
using NONMEM 7.3.

ResultsA three compartment pharmacokinetic model best
described the data for morphine in morbidly obese and ‘otiese
individuals. For both glucuronides, one compartmeridels were
used with multiple transit compartments for the formation of these
metabolites with a mean transit time (MTT) for M3G and M6G of
2.98 and 12.6 min, respectively. The covariate analysis identified
body weight as covariate for peripheral volumiedistribution of
morphine (P<.001). With increasing body weight a delay in the
formation of M3G was found (P<.001), as well as a decrease in
formation clearance of M6G (P<.001) and decrease elimination
clearance of M3G and M6G (both P<.001).

ConclusionsNo weightbased dosing adjustments are necessary in
adult morbidly obese patients in terms of morphine exposure.
However, increased concentrations of both M3G and M6G in obese
patients could impact the efficacy of morphine and the occurrence
of side effecs.

Page |282



References:

[1]LIoret Linares C, Decleves X, Oppert JM, Basdevant A, Clement K,
Bardin C, et al. Pharmacology of morphine in obese patients: clinical
implications. Clin Pharmacokinet 2009;48(10)654..

[2]Centrafarm B.V. Summary of product charasécs, Morphine

HCI CF 10 mg/ml. 2010.
[3]LloretLinares C, Lopes A, Decleves X, Serrie A, Mouly S,
Bergmann JF, et al. Challenges in the optimisation ofqostative

pain management with opioids in obese patients: a literature

review. Obes Surg 2013823(9):14581475.

[4]Sarton E, Olofsen E, Romberg R, den Hartigh J, Kest B,
Nieuwenhuijs D, et al. Sex differences in morphine analgesia: an
experimental study in healthy volunteers. Anesthesiology 2000
Nov;93(5):1245%4; discussion 6A.

Page |283














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































