‘l

SimulationsPIus

Unlocking the Power of PBPK
Modeling: PBPK for
First-in-Human and Beyond

March 20, 2024

NASDAQ: SLP



Outline

‘ Proof PBPK Works for FIH PK Predictions

‘ Regulatory Perspective

‘ Breaking Down the Components of a PBPK Model
‘ Uncertainty and Sensitivity

‘ Model Applications

NASDAQ: SLP SimulationsPlus



Considerations

‘ Use everything that you know, but keep the
model as simple as possible
=  Aim to use PBPK not empirical modelling

= Combine compound specific data with
physiology as they are intimately
interconnected and explicable only by

reference to the whole

‘ Preclinical verification can increase the

accuracy of the human prediction but will

always lead to learning
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Considerations

‘ Always include uncertainty

= Never give single point estimates

‘ Be realistic with your expectations

= A successful prediction gets the
category right or within 2-fold, but not

necessarily matching values exactly

‘ Sensitivity analysis and model application
can inform future decisions

=  Apply model to gain insight into

potential development questions

NASDAQ: SLP
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Proof PBPK Works for FIH PK Predictions

ORIGINAL RESEARCH ARTICLE

A Novel Strategy for Physiologically “In the majority of cases, PBPK gave more accurate predictions of pharmacokinetic

Based Predictions ({f ) parameters and plasma concentration-time profiles than the Dedrick approach.”
Human Pharmacokinetics

Hannah M. Jones," Neil Parrott,' Karin Jorga® and Thierry Laveé'

1 Drug Metabolism and Pharmacokinetics, F. Hoffmann-La Roche Ltd, Basel, Switzerland
2 Clinical Pharmacology, F. Hoffmann-La Roche Ltd, Basel, Switzerland

Prediction of Human Pharmacokinetics Using Physiologically

: : Based Modeling: A Retrospective Analysis of 26 Clinicall
“This evaluation demonstrates that PBPK models can lead to S e Do

reasonable prediCtions Of hu man pharmaco kl netiCS.” Stefan S. De Buck, Vikash K. Sinha, Luca A. Fenu, Marjoleen J. Nijsen, Claire E. Mackie, and
Ron A. H. J. Gilissen

Johnson & Johnson Pharmaceutical Research and Development, Discovery ADME-Tox Department,
Beerse, Belgium

Received March 5, 2007; accepted July 3, 2007
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Proof PBPK Works for FIH PK Predictions

ORIGINAL RESEARCH ARTICLE

Simulation of Human Intravenous and Oral “The simulati | ina PBPK h b . h
Pharmacokinetics of 21 Diverse Compounds Using e simulation results using were shown to be superior to those

Physiologically Based Pharmacokinetic Modelling obtained via traditional one compartment analyses. In many cases, this
Hannah ;‘\1./mn‘s.'lmn B. Gardner,! anduI.Cnllnrd,:l’lul/.Sr:mln/,‘l’mn_l/O,\/v»l/,‘i\ﬂm'liu;\.llnsul,“‘ David Plowchalk,’ diffe rence Was StatiStica”y Significa nt-”

Steve Gernhardt ° Jing Lin,* Maurice Dickins,' S. Ravi Rahavendran,* Barry C. Jones,' Kenny |. Watson,' Henry Pertinez,'
Vikas Kumar® and Susan Cole'

1 Department of Pharmacokinetics, Dynamics and Metabolism, Pfizer Worldwide R&D, Sandwich, UK
Department of Metabolism and Safety, Pfizer Animal Health, Kalamazoo, Michigan, USA

Department of Research Statistics, Pfizer Worldwide R&D, Sandwich, UK

Department of Pharmacokinetics, Dynamics and Metabolism, Pfizer Worldwide R&D, La Jolla, California, USA
IJepdrunem of Clinical Pharmacology, Pfizer Worldwide R&D, Groton, Connecticut, USA

Department of Pharmacokinetics, Dynamics and Metabolism, Pfizer Worldwide R&D, Groton, Connecticut, USA
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RESEARCH ARTICLE - Drug Discovery-Development Interface

Prospective Predictions of Human Pharmacokinetics for
Eighteen Compounds

“Our prospective human PK prediction
methods y|e|ded good prediction results.” TAO ZHANG, TYCHO HEIMBACH, WEN LIN, JIN ZHANG, HANDAN HE

Drug Metabolism and Pharmacokine

tics, Novartis Institutes for Biomedical Research, East Hanover, New Jersey 07936

Received 26 August 2014; revised 2 January 2015; accepted 8 January 2015

Published online 17 February 2015 in Wiley Online Library (wileyonlinelibrary.com). DOI 10.1002/jps.24373
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Regulatory Guidance for PBPK Modelling

EUROPEAN MEDICINES AGENCY

Physiologically Based
Pharmacokinetic
Analyses — Format and

Content
Guidance for Industry

13 December 2018

Medionst Procucts for Human Use (CHMP)

Guidel n the reporting of physiologically based
pharmacol kinetic (PBPK) modelling and simulation

“Primarily for drug developers, FIH “PBPK modelling is a state-of-the-art modelling tool for assessing an
prediction using PBPK is important for appropriate starting dose for healthy volunteers.[...] The methods used
decision-making and allows additional and calculations on how doses and estimated exposure levels are

learning of the molecule and coping with determined, including methods for modelling such as PBPK modelling,
situations when other methods may not be should be included in the protocol and may be summarised in the
adequate.” investigator’s brochure”
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An Industry Defined FIH PBPK Strategy

Clinical Pharmacokinetics (2015) 56:717-746
hitps://doi.org/10.1007/540262-019-00741-9
REVIEW ARTICLE @ (p

Physiologically Based Pharmacokinetic Modelling for First-In-Human @
Predictions: An Updated Model Building Strategy lllustrated
with Challenging Industry Case Studies

Flow diagrams for each C Q

essential component of a

telli blished

is well in the phary ical industry and is accepted by

regulatory agencies for the prediction of drug-drug interactions. However, physiologically based pharmacokinetic model-

ling is valuable to address a much wider range of pharmaceutical applications, and new regulatory impact is expected as its N M &
full power is leveraged. As one example, physiol lly based ineti ing is already routinely used during r e I C I O n l | S I n
drug discovery for in-vitro to in-vivo ion and phar ineti in i species, and this leads to the

application of verified models for fir: h phar c pred A s-industry strategy in this
i arca would increase in the approach and facilitate further learning. With this in mind, this article aims

to enhance a pi y published first-in-h P based p del-building strategy. Based on d =

the experience of sientists from muliple ing in the G User Group Steering Commitiee, new m O e | n
Absorption, Distributi el ism and Excretion k ledge is 1 decision trees proposed for each essential

component of a first-in-human prediction. We have reviewed many relevant scientific publications to identify new findings

and highlight gaps that need to be addressed. Finally, four industry case studies for more challenging compounds illustrate

and highlight key components of the strategy.

1 Inmaumo“ _
ic (PBPK) models

Phy: based phar

represent the body as compartments parameterised based  Linking of in-silico quaniitative structure—property

on physiology of tissues and organs including composi- i models with physi based phar-
tion, valumes and blood flows [1]. Physiologically based inctic (PBPK) ing is a powerful emerging
pharmacokinetic models integrate this physiclogical technique, which is already being employed during early
description with compound-specific data 1o predict the drug discovery. Combined with parameter sensitiv- .
pharmacokinetics of drugs, allowing simulation of the ity analyses, this can identify the compound properties
time course of drug concentrations in plasma and tissues. s [“"“_‘“5|"E systemic exposure and thus guide lead

B0 Neil A. Miller
neil a.miller @ gsk.com

The quality of first-in-human PBPK predictions is
greatly improved when measured inputs are available for
Systems Modeling and Translational Biology. the most critical parameters. PBPK model verification in
GlaxoSmithKline R&D, Ware, Hertfordshire, UK preclinical species, which has not always been included
Department of Clinical Pharmacology, Array BioPharma, in of first P predic-
Boulder, CO, USA tions, is critical to build confidence and improve accu-
Admescope Lid, Oulu, Finland racy.

Shmalations Fiem, Tn. Lamcesten, G5 VSA Uncertainty analysis is a key consideration to obtain

Pharmaceutical Sciences, Roche Pharma Research and Early maximal value from fi human PBPK predictions.
Development, Roche Innovation Centre Basel, Basel,
Switzerland

A Adis
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Use Everything You Know

‘ FIH Simulator includes the major preclinical species to enable you to move
seamlessly from mouse, rat, dog, minipig, rabbit, cyno through to human
in one platform

— The overall risk profile can be assessed in ADMET Predictor
— Inputs without measured data can be predicted using ADMET Predictor
— NCA and compartmental analysis can be performed within the software

— Measured or predicted metabolism data for individual enzymes can be incorporated

which in turn allows an assessment of potential gut metabolism and phenotypic variability

Structure |dentifier *Risks* *Tox™ ADMET Risk [ADMET Code |ECCS_Class |Absn_Risk |Absn_Code |RuleQf3 |RuleQf3 Code |CYP_Risk |CYP_Code
Cilostazol 1.000 | 344 Class_2 0.000 0.000 1.000 344

2 8
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Use Everything You Know: Start with QSPR + PBPK

‘ BDDCS — Biopharmaceutics Drug Disposition Classification System
‘ ECCS — Extended Clearance Classification System
‘ QSPR — Quantitative Structure-Property Relationship

‘ BCS — Biopharmaceutic Classification System
10

Understand compound based on an in silico assessment(QSPR + human PBPK model)

QSPR Predictions

!

What is the
compound type?

i

1

Use BCS!/BDDCS?/ECCS® to
determine key parameters

!

!

Use ECCS%to determine
clearance mechanism

Acid?
Base?
Amphoteric?
Neutral?

Hydrophilic?
Weakly
lipophilic?
Lipophilic?

Solubility?
Bile salt effect?
Permeability?
Transporters?

|

Very lipophilic?
1

Metabolism?
Renal?
Hepatic uptake?
Hepatic uptake or Renal?

PBPK Parameter Sensitivity Analysis

For acids assess solubility in stomach. For bases consider the impact of enterocyte Gl tract binding & lysosomal partitioning
For BCS Class Il & IV compounds solubility likely to be an issue so assess impact of aqueous and biorelevant solubility
For compounds with a Dissolution No. (Dn)! warning an assessment of the effect of particle size will be required
For basic compounds if precipitation is predicted in the small intestine then precipitation kinetics likely to be critical®
For BCS Class lll & IV compounds permeability likely to be an issue so measure in vitro permeability in an assay with an
established conversionto in vive permeability

* Forlow permeability compounds transporters could have an impact, especially if QSPR classifies compound as a substrate
To predict systemic distribution measure log P, pKa and Fu,, and in addition, for bases, measure BPR
For metabolically cleared compounds establish an IVIVE using preclinical species

NASDAQ: SLP
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Use Everything You Know:
Compound Assessment Using QSPR + PBPK

Cilas.\)

GastroPivs B Cilostazol madb (C:\Users' bgraves| Werkl Training' Cilos.

i

What is the
tion Setup  Controlled Belease  Tools  Modules '(“j‘r-ena..
> compoun pe _=
1
= : v.‘-a-.\-\h Irv-h,-atl-l\_'”‘j
Acid? Hydrophilic? @M EE= 0619 hous
(o I M’nA-- Do.ri;d— 2HTE+5my Max Abs Doge i) = 3 148E-3 g
Base? Weakly A p RS
e lipophilic?
Amphoteric? . . (
Lipophilic? | P =
Meutral? V li hi | Bl A Ef_:w [ Taot — <] (9 |EMective Permoability
ry li i SR — : B |
Y & ¥ p?p I| leital Dese fmal- [ 00 Seurce: [iuman >
| Subseguent Deses (gt [ 0 Pelf fomfsx 1074 [ L]
Dosng irservel F 0 Sim Peff 104 Humany [~ 353
M F I - 2
oule Foimels | Dose Vokme il 355 . |
" PH o Fled. Sohatibty [ Mo S ]
5P Ireutal) | Solibiky g/t Bt Sl 7 ook |
L= = Bovelevart S oiubiices |
pKa Table o Mean Freceilation Tire [rec) |
e I. Dt Coolf. fom™2/s xW0'SE [ 062
Dvug Parcle Devuly fgimil) [
| pKa Table - O X Farticle Size flom 1} A=2%00, D-50.00
Solubility 1 log ——
Acid / Base Table 00
Generic AcidBase |pKa SolF actor 3 te. Frod B
Cilostazol FEPE. Acid 11.8 204 59 g 240 "d"“-"h"' Dnﬂt‘l‘;:ﬁf;::p,o
Cilostazal PEPK Base -0.057F 20459 5 ] -’J( BT
Ciostazol PEPK Base 308 20459 £ ; e 18 rhibbon-Na (S5%] DATF 183 bt eersii
Clostazel PBFE Base 37 2045 | - £ Tabo I oG Sruct€1 | Dics Mocket Jowmon. s PosHo HSIEL OCTH inhbtar-Ho 6% 0CT 2inhtalorsYes 53 OATT drhibitor=es 147
— 2 el BfSie S ON | BMSatSol ONIDI-ON | coneras orr [ e AL 0TS
e g = Tne  Poara 2 | EHC O ACAT: Cone
3 (=
= 120
£
=
6.0
0 |
00 20 40 B0 80 100120140
[ Plot ¥-axis as log Solubility pH
[~ Advanced Fitting
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Use Everything You Know:

Critical Thinking Using QSPR + PBPK

Edit Database Simulation Setup Controlled Release Tools Modulé

Compound ] Gut Physiology-Hum ] Pharmacokinetics ] Simulation ] Graph
Selected Compound

- VT, 9.9.0002 -wrvevveeenessseensssssernnsssnens
I4[ 4 [Ciostazol PBFK b ] =]| 51 Trans Time (=23 Mean Abs Time (h) = 0.423
Longest Diss. Time (h) is @ pH 6.8 = 0.613 hours
[Cunent: 12; Total =12 Max Abs Dose (S+)= 2.987E+3 mg. Max Abs Dose (lit) = 3.148E+3 mg.

oY T T R ————

O OF

Nﬁ’j\/\/\ Dosage Form |5 T plet ] ::}) Effective Permeability
" ° o : Source: [ﬂm _.J
Subsequent Doses [ma]: 0 ' Peff (cm/s x 1074): 3.93'
Dosing Interval (h): [—U Sim Peff x10™4 (Human) | 393
Molecular Formula: | C20H27N502 Dose Volume (mL): ﬁ Convert irom IsarDara |

Molecular Weight (g/mol): I 369.47 pH for Ref. Solubility:] 6.98 More Solubilty
logP [neut(al]:[ 313 @pH: [ 21 Solubility (mg/mL @pH=6.98): 017 Biorelevant Solubilities
ean Precipitation Time [sec): 300
T T e
Diff. Coeff. [cm”2/s % 10"5): 0.66
Enzyme Table l Drug Particle Density (g/mL): 1.2 | Wﬂﬂ No. =781 |

Transporter Table ‘ Particle Size (form 1): R=25.00, D=50.00 |

ECCS Classification=Class_2 [Metabolism); S+ Mechanistic Clearance Classification=Metabolism;
Human Rbp prediction saved in database. Predicted Rat Rbp = 0.84. Predicted Mouse Rbp = 0.86.
Human Fup prediction saved in database. Predicted Rat Fup = 6.45%. Predicted Mouse Fup = 13.95%.

Transporter Inhibitor Classification: 0ATP1B1-Inhibitor=No (55%); DATP1B3-Inhibitor=No (49%); OCT 1-Inhibitor=No (68%); OCT 2-Inhibitor=Yes (63%); 0AT1-Inhibitor=Yes (47%); OAT 3-Inhibitor=Yes (53%);
Pgp-Inhibitor=Yes (62%); BSEP-Inhibitor=Yes (83%); BCRP-Inhibitor=No (77%);
Transporter Substrate Classification: 0ATP1B1-Substrate=Yes (99%); DATP1B3-Substrate=No (46%); OCT1-Substrate=No (51%); OCT2-Substrate=No (73%); 0AT1-Substrate=No (92%); DAT 3-

pKa Table |logD: Struct5.1 | Diss Model: Johnson ~ PartSize-Sol: ON | BileSalt-Sok ON | Diff: ON || ConstRad: OFF | Precip: Time  Ppara: Zhim | EHC: OFF | ACAT: Conc

12 NASDAQ: SLP

.
Ui ECCSTo determine | em—

Use BCS*IBDBCS’IECCS’ to
determine key parameters clearance mechanism
| !
Solubility? Metabolism?
Bile salt effect? Renal?
Permeability? Hepatic uptake?
Transporters? Hepatic uptake or Renal?

I I

Cutoff between low and high permeability is
1.2cm/s x 1074 based on metoprolol

Bile Salt Effect
3 . } Biorelesant In Vitro Solubilities:
i Adiust solubility for bile salt effect Use the biorelevant solubilties of form 1
¥ Adijust diff coeff for bile salt effect At least one of the FaS5IF, FeSSIF, or User solubilities must be
= specified to calculate solubilization ratio

Solubilization Ratio [SR): {g Fit to In Witrg Data | | Enter O for values of biorelewant solubilites that are not available.

Zero walues are not uzed in SR calculation

3R Exponent (N): |1 ™ Include M in fit SGF  FaSSIF FeSSIF FeSSIFW2 User
[ Use theoretical solubilization ratio pH: 1.2 |65 |5 5.5 o
Bile Salt Conc [mid); |0 E [15 [10 o
Duodenal zolubility at bile salt concentration Exp. Sol. [mg/ml: |1?-D4 |189-85 |U |48-15 |D
2.8mM will be 759.0 mg/ml for form 1 Calc. Sal [madmL): | |E;58.D | |?9?_3 |

ECCS, S+ Mechanistic Clearance Classification and
transporter substrate predictions are in the notes

SimulationsPlus
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| Gut Physiology—Hum| Ph

PK Model: |H umndimetd alH Ithy30Y0_85.53kg_27.45BMI

Body Weight [kg): 85.53
Intestinak i

Blood/plasma Conc Ratio:

FPE (if fixed) [%]

Oral: 0

Scale Pediatric

Fup & Rb
p P  Use Exp Plasma Fup [%k

l—o.?
l—szs

; @ Use Adj Plasma Fup [Z] e

PBPK Summary
[ [Tissue Clint_[Fut/Fulnt

~
0.000 |0.000
0.000 |0.085
0.000 | 0.000
0.000 | 0.000
0.000 |0.003
0.000 |0.027
270461/ 0.017

0.000 | 0.000
0.000 |0.027
0.000 |0.0339
0.000 |0.011
0000 |0.027
0.000 |0.021
0.000 |0.026
nnon nntn

Calc Kps: Perf Kp: Lukacova; Perm Kp: Poulin-ext
Perf Fut: 5+3.5; Perm FuExt 5+8.5; Fulnt: 5+9.5;

Use Everything You Know:
Pragmatic Assessment Using QSPR + PBPK

s ‘ Simulation

QObserved Values

Fa %: CHax [pg/mlL)
TMax [h):
AUCinf [ng-h/mL):

Hepatic Clearance [L/h):

Cilogtazol PBPK HLM

Metabolism/Transporter Scale Factors

Enzymes
4 Gut

Ymax 5F:

Km 5F:

Gut Transporters .
Apical

Basolateral

Influx ¥Ymax SF:

Influx Km SF:

Efflux Ymax 5F:

PK Parameters

Mew PEPE PK Maodel: [Compartmental j
Body Weight (kag): 70

Intestinal: ] Liver: | 1267

Blood/plasma Conc Ratio: 07
" Use Exp Plasma Fup [%] 625
* Use Adj Plasma Fup [Z]: 41309

FPE (if fixed) [%]

Oral: 1]

Renal Clearance CLr [L/h/kg): ]

IEL (L/h): .02 l or [L/h/kg): i
T 172 (hl: 5,38
Kizgme [ 0
kstpsme [ 0
Vil [0

Kizpm: [ 0
K21 (1/h): 0
v2(Lkal: [0

Efflux Km SF:

Transfer SFs to Enz/Trans

Multiple options to predict clearance: models for HLM, hepatocytes, enzyme kinetics

NASDAQ: SLP

Cilostazol HLM

-
M

Concentration (ug/mL)
g

L L] L L L) L) L] L) L) L) L) 0
0 2 4 6 8 10 12 14 16 18 20 22 24
Simulation Time (h)

Percent (%)

Blue — Plasma concentration
Red — Amount dissolved

SimulationsPlus




Preclinical Verification to Better Predict Human PK

‘ BPR blood/plasma ratio

‘ Fup fraction unbound in plasma,

‘ Kp tissue-to-plasma partition coefficient,

‘ QWBA Quantitative Whole Body Autoradiography,

Distribution

Is the passive distribution in preclinical species predicted using the Lukacova? tissue-to-plasma

partition method with measured input data (log P, pKa'’s, Fu, and BPR)?

If distribution is driven by transporters then expression and kinetic data are required for them to be incorporated in the model

Yes

¥

No

4

Use the Lukacova! method with measured
input data for human prediction

Are tissue distribution/QWBA data available in the rat
and do these give a reasonable prediction of distribution?

No

3

!

3

l Yes

Does adjusting the
predicted Kp values
via inputs log P, pKa,
Fu, or BPR predict V
within 2-fold?
e.g. BPR for bases?

Adjust input
for human
prediction

Is the V

comparable
acrossspecies?

ss,u

Yes 1

No

UseV,,
and Fu,
for human
prediction

Is there a consistent
systematic
prediction errorin
preclinical species
predictions of
distribution?

Yes 1

Use the systematic
prediction error for
human prediction

L

If permeability is low
does a permeability-
limited tissue model
using extracellular Kp
values, with/without a
SpecPStc, work?

Use rat QWBAZ?/
tissue distribution®
data for human
prediction
accounting for
differencesin Fu,

No Yes

Further investigation required to understand

distribution and to predict for human

Use permeability-limited tissue model
with/without SpecPStc for human prediction.
Consider measuring concentrations in tissues of
interest as transporters may be playing a role

‘ SpecPStc specific in-vivo diffusional clearance per millilitre of tissue cell volume.

NASDAQ: SLP
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Preclinical Verification:
Assessing the Pieces of the Jigsaw Puzzle

FIH prediction for IV dosing of Tobramycin : Distribution

@ Preclinical IV Cp vs Time profiles
@ LogP/D

@ pKa

@ Fraction unbound in plasma (Fup)

@ Blood to plasma ratio (RBP)

NASDAQ: SLP

Use the Lukacova Kp equation

Input available measured data

PBPK record per preclinical species
PKPlus: calculate the NCA CL and V,
Liver CL = NCA CL - CL;

SimulationsPlus



Preclinical Verification: Applying Critical Thinking

FIH prediction for IV dosing of Tobramycin : Distribution

Rat IV Bolus
v Cp-Venous Return-Rat IV Bolus
W O Cp-Venous Return-Rat [V Bolus Obs \
W — T  Cp-Venous Return-Rat IV Bolus Err
Total simulation time (h): 3.5
10°4 o o el
N - Dr o E
@ Predicted Vss is too large causing a rapid ® : RO O
. N . . - 2 -t {(pg- ,f"nf'n: To11s.7
distribution to tissues and a slow return to @ 2" - gmcnepyn: 7 s ]g
systemic circulation 5 &
@ Knowing your compound can guide the @ & " o )
0 =
modelling strategy o o
@ Tobramycin is a low permeability é 10"
compound so... 9 \ers
10-1 L) H H H ¥ ' H H ¥ ' H H L]
0 1 2 3

Simulation Time (h)

16 NASDAQ: SLP SimulationsPlus



Preclinical Verification: Applying Critical Thinking
FIH prediction for IV dosing of Tobramycin : Distribution

Rat IV Bolus Dog IV Bolus

v Cp-“Yenous Return-Rat IV Bolus v Cp-Venous Return-Dog IV Bolus
¥ O Cp-Venous Return-Rat IV Bolus Obs ¥ O Cp-Venous Return-Dog IV Bolus Obs
v Cp-“Yenous Return-Rat IV Bolus Err v Cp-Venous Return-Deg IV Belus Err
Record: Rat IV Bolus Record: pog IV Bolus
Total simulation time (h): 3.5 2 Total simulation time (h): 4,82
103. Result Obserwv Simul 1074 Result Observ Simul
Fa (%]): v} 99.99 Fa (%): 0 99, 89
FDp (%): i) 99,99 FDp (%): o 29, 89|
— F (%]): o 99.99 p— F (%]): 0 22,89
- Cmax (pg/mL]: 85.8 2239.7 .| cmax (pg/mL): 13.6 151.5
E Tmax (hl: 0. 48 o E Tmax (h): 0.24 o
= AUC 0-inf (pg-h/mL): 120.3  75.98 = AUC D-inf (pg-h/mL): 33.41  28.38|
o 102, AUC 0-T (pg-h/mL): 115.7  41.35 o AUC O0-t (pg-h/mL): 23.87  27.86|
O CMax Liver (ug/mL): 292.8 1 O CMax Liver (ug/mL): 3.714
3 o = O
S— — 10 1
= =
=] [=}
= =
© ©
[ =1 ]
= =
& & 00
8 o 10
c 0 c
O 104 (=}
(8] (&)
R -1
10 . . . 10" ' ' ' y
0 1 2 3 0 1 2 3 4
Simulation Time (h) Simulation Time (h)

m Observed Vss Predicted Vss Pred/Obs

0.093 L 0.190 L
Dog 12.24 L 16.63 L 1.4

17 NASDAQ: SLP SimulationsPlus
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Preclinical Verification Defines Strategy
for Human Prediction

Distribution -Tobramycin

Is the passive distribution in preclinical species predicted using the Lukacova? tissue-to-plasma

partition method with measured input data (log P, pKa's, Fu, and BPR)?
If distribution is driven by transporters then expression and kinetic data are required for them to be incorporated in the model

|
Yes No
Use the Lukacova?® method with measured Are tissue distribution/QWBA data available in the rat
input data for human prediction and do these give a reasonable prediction of distribution?
l Yes

! Use rat QWBA?2/
tissue distribution?
data for human
prediction
accounting for
differencesin Fu,

No

] !
Does adjusting the Is the V/,, Is there a cons.lstent
predicted Kp values comparable s-ys?ematlc i
prediction errorin

If permeability is low
does a permeability-
limited tissue model
using extracellular Kp
values, with/without a
SpecPStc, work?

via inputs log P, pKa, acrossspecies? linical i
. preclinical species

Fu, or BPR predict V; Yes 1 No dicti ;
within 2-fold? predictions o
Use V distribution?

ss,U

e.g. BPR for bases?
and Fu, Yes 1

No Yes

for human
— Use the systematic
Adjustinput prediction e sy
for human prediction error for m— .
o human prediction Use permeability-limited tissue model
prediction with/without SpecPStc for human prediction.
. Consider measuring concentrations in tissues of

Further investigation required to understand interest as transporters mav be plaving a role
distribution and to predict for human p Yy ¢ P aying

SimulationsPlus
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Preclinical Verification to Better Predict Human PK
Metabolism and Elimination

Based on preclinical data and ECCS, what is the contribution of each mechanism of elimination?

| |
| Consider the impact of transporters on each process especially if permeability is low or moderate |

i ! ¥
Metabolism Renal elimination Biliary elimination

Consider: -If CLy # GFR * Fu, in animal species then active Consider:

-in vitro and in vivo binding in assessing IVIVE transportis likely to play a role -hiliary clearance in preclinical species
-hepatocytes have more enzymatic routes l -hiliary secretion of glucuronide metabolites and
-reaction phenotyping for human and animals conversion back to parent compound in gut

Does GFR * Fu, predict .
Do in vitro clearance data CL; in preclinical species? Do sandwich cultured hepatocytes and
predict in vivo clearance in mechanistic in vitro transporter data3 predict
preclinical species? biliary secretion in preclinical species?
Yes | ] No I
Yes No Use GFR * Fu, for Are mechanistic models for Yes |
human prediction secretion! and reabsorption? Use mechanistic in vitro
available/applicable? transporter data for
human prediction

4 4

Use in vitro data Consider extra-hepatic clearance
for human routes and active transport. Do |

prediction additional in vitro experiments Yes
establish an IVIVE? Use mechanistic model for

human prediction

‘ CL; renal clearance Yes No

h 4

‘ CI-R,u unbound renal clearance Use empirical scaling factor based on preclinical species, including uncertainty range
‘ ECCS Extended Clearance Classification System

‘ Fup fraction unbound in plasma

‘ GFR glomerular filtration rate

‘ IVIVE in-vitro in-vivo extrapolation. NASDAQ: SLP SimulationsPlus



Preclinical Verification:

Combining Measured Data with Predicted Properties
Metabolism and Elimination

@ Renal clearance from IV studies
@ Observed or in vitro biliary
clearance data

: @® \alidate CL; prediction
® Mlcrosorl?al, hezatocyte o @ Adjust CL; settings in the kidney
Bl e Kinetic data tissue to account for active
processes
= IS e R @ Parameterise and validate biliary
[ p— clearance
st I B B @ Use Metabolism and Transporter
o ii; i ; module to assess IVIVC
Basolateral: Apical; S DM
20 | i " NASDAQ: SLP &8 SimulationsPlus




Preclinical Verification:

Combining Measured Data with Predicted Properties
Metabolism and Elimination

"_? Metabolism and Transporter Units Converter: GastroPlus conversion factors — O x
Conxyert CLint T Convert Km and YWmag T Corwvert T1/2 T Transporters
In witra azzay twpe: In witra fraction unbound:
£ Micrasomes £ Fuplasma Enter in vita CLint [0.7 [WLimin/10"G cells ~ |
v Hepatocytes % Fu calc [Sustin] X X
in viva Clintu (005158 Lk
" iCYP @
" Cytosolic Protein " Userdefined  |39.90; 27

" In vitro value iz unbound FK. Parameters

Clearance value exported to Mew PBFE. PK. Model: |Hat_D.232kg j

. Liver tissue ; . E it PREK o i i li
@ Renal clearance from IV studies o Jene et T ﬁl o o -

. Oral: ’70 Intestinal:liﬂ Liver: liﬂ
‘ Mlcrosomall hepatocyte Or Blood/plazma Conc Ratio: |7055
enzyme kinetic data

" Use Exp Plasma Fup [%] 92.42
{* Use Adj Plasma Fup [%]: 9242

® Observed bili d v
O Se rve I I Ia ry c I e a ra n Ce ata Tiszue \p CL CLint | Fut/Fulnt |FuEst A
7| Lung M 0000 (0000 |1.463 0983 ®
7| Adipoze 03 0000 (0000 (50882 (0936
7 Muscle 033 : 1.382 1935
F| Liver 0.93 Q0038 |0.052 _91.542 0,933
: | Spleen 093 [0Woo—roo00 (1406|0992
Tissue Parameters for: Kidney by Heart 054 (0000 (0000 [1.481  |0.987
T Advanced T s T TEREpTEs ] by Birain 0593 0000|0000 [1.339 0.99%
by Kidney 093 |0072 (0000 |1.480 1989
7| Skin 095 |0.000 (0000|2297 0978 =
Mame: |Fidney “olume [mL]: 34336 'quxG R L] — " ._.-n:_ o = non
5'-3-";: [L;'!I]i]gj 10 Calc K.ps: Perf Kp: Lukacova; Permn Kp: Poulin-ext
Kp: 09341 Blood Flow [mL/s] 0.145 QUR [mLss) 0.0004 =B L Pert Fut: 5+9.5; Perm FuEst 5+9.5; Fulnt: 5+3.5;
Thalf (p] 1.196

Fulnt: 1.4538  Lymph Flow [% PF): 0.4 GFR [mL/g): 00217
: 0.9395 i ; 0 3 05242 CL = 0116 Lth

FuExt: CLint [L/h]): fup: e = 009 i
Fenal Clsyz (L/h): n.0vzz CLFilt [Leh): 0072z

Set Defaults

Basolateral: Apical

Fiitc (mL/s): | 0016 00116

NASDAQ: SLP SimulationsPlus
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Preclinical Verification to Better Predict Human PK
Oral Absorption

Is absorption in preclinical species predicted using measured solubility and in vitro permeability data with an ACAT model?
For ACAT modelling in preclinical species, IV data should be used to fit a compartmental PK model or verify the accuracy of a systemic PBPK model.
Consideration must be given to the effect of formulation and food on oral absorption, and solubility data must be for the same form of the compound as was dosed.
A correlation for the conversion of in vitro permeabhility to in vivo permeability should be established for the cell line used.

Yes l 1 No
Use the ACAT model for human prediction Perform a sensitivity analysis to determine the most sensitive input(s)
Impact of multiple processes may need to be considered in the final predictions
¥
| Solubility/Dissolution | | Passive permeability Other process(es)
| e.g. chemical
i T 1} degradation,
. . If dissolution . formulation, intestinal
Ca‘m the BSSR Does incorporating known . Can the permeability metabolism
estimated from e . L poorly predicted ,
. variability in physiology value or the ASF model transporters?, etc
biorelevant . .. are measured .. . d
. predict absorptionin . . be optimized to predict l
solubilities or the .. . particle size or L. —
. preclinical species e.g. Gl . . absorptionin Additional
MPT be optimized to . 1 dissolution data .. - e
. .. tract fluid volumes?? . preclinical species?? quantitative
predict absorptionin available? .
linical - data required
preclinical species? to describe
No Yes Yes No Yes No No Yes process(es)
Use the new Use measured Additional data/further Use the new
parameters for inputs for human investigation required for parameter(s) for
human prediction prediction an accurate prediction human prediction
A T
‘ ASF absorption scale factors f

‘ BSSR bile salt solubilisation ratio
‘ MPT mean precipitation time

‘ Efflux transporters can be incorporated in GastroPlus models with a simple method (e.g. adjusting permeability based on preclinical observations or in-vitro data) to more complex
- : . : 5y SimulationsPlus
" methods (e.g. specifically incorporating effects of transporters) i Simulations
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Preclinical Verification: Building on the IV Model

FIH prediction for PO dosing of Cilostazol : Oral Absorption

Moderately lipophilic
Essentially neutral at physiological pH
Low to moderate solubility

Reasonable permeability

Low bile salt effect

@® Dog PO PK

:}% QH# |
. b

NASDAQ: SLP

Dog Fasted Hammer Milled 10 mpk

0.75
0.74
0.654

- 0.64
0.551

% 0.54

= 0.451
O & 04
=

(N

Q)

‘ | 0.054 f
0. L) L) L) L) L ;E
0 2 4 6 8 10
Simulation Time (h)

Blue — Plasma concentration
Red — Amount dissolved
Cyan — Amount absorbed
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Preclinical Verification : Assessing the
sensitive parameters

FIH prediction for PO dosing of Cilostazol : Oral Absorption

24

P arameter Lower Bound | Baszeline Value |Upper Bound  |Mumber of Test | Spacing of Param Y alues
Primary Permneability of Dog Fasted Hammer Milled 10 mpk. [crds = 1074) 2316 4 633 9266 10 Logarithmic
b ean Drug Particle Fadiuz of form 1 of Dog Fasted Hammer Milled 10 mpk [um) 258 20 280 10 Logarithmic
Reference Solubility of Dog Fasted Hammer Milled 10 mpk: [mg/mL] 0.000E26 0.00626 0.063 10 Logarithmic
PSA Dog Fasted Hammer Milled 10 mpk PSA Dog Fasted Hammer Milled 10 mpk
“7 ——sh—— PefiDog Fasted Hammer Milled 10 mpk. [V ——sa—— RadPart-form 1-Dog Fasted Hammer Milled 10 mpk ¥ ——e—— RefSol-Dog Fasted Hammer Wiled 10 mpk l ‘!7 '——s—— Peff.Dog Fasted Hammer Miled 10 mpk [v ———— RadPari-form 1-Dog Fasted Hammer Milled 10 mpk ¢ ——e—— ReSol-Dog Fasted Hammer Miled 10 mpk.
95
20 2
85
80
75
T
g -
'E 60 E
o 55 3
2 s0 g
g 45 §1
H 40
g 35 o
ﬁ.: 30
25
i
of / T, /‘
15; T
e \
10 . " .
3 — // \—-n—_\__‘
232 27 3.15 3.68 429 463 5. 584 6.81 7.94 9.27 232 27 315 3.68 429 4.63 5. 5.84 6.81 7.94 9.27
Primary Permeability of Dog Fasted Hammer Milled 10 mpk (cm/s x 10°4) Primary Permeability of Dog Fasted Hammer Milled 10 mpk (cm/s x 10~4)
25 437 5.96 116 154 25 323 539 808 1.5e2 2.8e2 25 a7 6.96 16 194 25 323 539 9.8 1.5e2 252
Mean Drug Particle Radius of form 1 of Dog Fasted Hammer Milled 10 mpk (um) Mean Drug Particle Radius of form 1 of Dog Fasted Hammer Milled 10 mpk (um)
6.26E-4 1.044E-3 1.742E-3 2.906E-3 4847E3 8.1e3 1302 2202 382 6302 NASDAQ: SLP 6.26E4 1.044E-3 174263 2.906E-3 4847E3 63e3 8.1e3 13e2 22e2 3862 6.3e-2

Reference Solubility of Dog Fasted Hammer Milled 10 mpk (mg/mL)

Reference Solubility of Dog Fasted Hammer Milled 10 mpk (mg/mL)

IS
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Preclinical Verification : Additional measured
data to enable prediction

FIH prediction for PO dosing of Cilostazol : Oral Absorption

@ Dissolution is the rate limiting step for @ Fit distribution to particle size data
absorption @® Apply to model

@ Solubility has been fitted to measured pKas ® Verify with other doses / species /

@ Particle size data is available formulations

NASDAQ: SLP SimulationsPlus



FIH prediction for PO dosing of Cilostazol : Oral Absorption

": Tabulated Data Input

File Units Tools

Particle Size Distribution Data

Mo, of Data Pointz

|

wirite comments here:

D ata from Jinno-Effect of PSD on dizsolution
and absorption in beagle dogs-JContrRel
1171 [2006)56-64

PSD Tepe: |4P| Particles

Palyrorph: ﬂ
Radius [um] | Curnulative [%]
1.42 11.0
836 520
228 91.0

Save Hormal

Cancel
Clear

Redraw

Sort Diata on Radiuz

Mormal: Mean=8.266 5D=5.020 (Blue)
(Solid - Fractional, Dashed - Cumulative)
Log-Mormal: Mean=7.117 SD=7.555 (Black)
(Solid - Fractional, Dashed - Cumulative)

100 -

90 ' -
a0
70
80
50

Cumulative [%]

40
30
20
10

0-

A 4

Radiug [um]

Murnbe of Bins to Use in Simulation |2

T
0 20 40

"': Particle Size Distribution

Form 1

Mean Particle Radius [um]: W
Standard Deviation: lﬁ

Number of Bins: lﬂi

Distribution Type: |IEEYETE
Amax 17193
Shape Factor: |17

[ Modify Min and Max Radius

Hamern- |29

[ Keep Constant Badius in Each Bin

Preclinical Verification : Additional measured
data to enable prediction

Dog Fasted Hammer Milled 10 mpk

0.75 — L16
0.74 — -~ }145
0.65+ L14
- 0.64 13
.._E_, 0.554 12
g 0.54 11
= (.454 =10
S 04 ':
'E 0.354 :?
‘E 0.34
® 0.254 o
[ '5
8 02' .4
0.154 =
0.1' -2
0.054 . L1
0' L) L) L) L) L) 0
2 4 6 8 10

Simulation Time (h)

Blue — Plasma concentration
Red — Amount dissolved

Cyan — Amount absorbed SimulationsPlus

Mass (mg)
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for Human Prediction
Oral Absorption - Cilostazol

Preclinical Verification Defines Strategy

Is absorption in preclinical species predicted using measured solubility and in vitro permeability data with an ACAT model?
For ACAT madelling in preclinical species, IV data should be used to fit a compartmental PK model or verify the accuracy of a systemic PBPK model.
Consideration must be given to the effect of formulation and food on oral absorption, and solubility data must be for the same form of the compound as was dosed.
A correlation for the conversion of in vitro permeability to in vivo permeability should be established for the cell line used.

Yes 1

lNo

Use the ACAT model for human prediction

Perform a sensitivity analysis to determine the most sensitive input(s)
Impact of multiple processes may need to be considered in the final predictions

| Solubility/Dissolution |

3

!

¥

i

| Passive permeability

Can the BSSR
estimated from
biorelevant
solubilities or the
MPT be optimized to
predict absorptionin
preclinical species?

Does incorporating known
variability in physiology
predict absorptionin
preclinical species e.g. Gl
tract fluid volumes??

If dissolution
poorly predicted
are measured
particle size or
dissolution data
available?

Can the permeability
value or the ASF model
be optimized to predict

absorptionin
preclinical species??

Other process(es)
e.g. chemical
degradation,

formulation, intestinal
metabolism,
transporters?, etc

No Yes

Yes

Use the new
parameters for
human prediction

Use measured
inputs for human
prediction

Yes No

k

No Yes

2

Additional
quantitative
data required
to describe
process(es)

Additional data/further
investigation required for
an accurate prediction

Use the new
parameter(s) for
human prediction

i i

j

NASDAQ: SLP
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exd Preclinical Verification to Better Predict Human PK
Gut Wall Metabolism

| Is the compound metabolized by enzymes which are known to be active in the gut wall? |
|
Yes l l No

Are the enzymes expressedin the liver? Significant metabolismin the gut wall is unlikely |
No

Yes

4

Is the contribution of individual enzymes
to hepatic metabolism known?

No Assumeall metabolismis via the enzyme with highest abundance in the

gut wall and scale from liver microsomes or hepatocytes to gut wall
Likely to result in underprediction of Fg, additional data required for accurate prediction.

. y Consider measuring
Is relative expression between gut and liver known for the relevant enzymes? metabolismin
Yes l intestinal in vitro
model

AreV,_,, and K, available for the enzymes present in the gut wall?

Yes l No

Use V., and K, parameters Use CL,,,and assume non-saturable metabolism in the gut wall
for prediction This will likely result in underprediction of Fg, additional data required for accurate prediction.

‘ CL, hepatic intrinsic clearance
‘ Fg fraction of drug escaping gut wall metabolism

‘ K., concentration of substrate at half V.,

‘ V...« maximum velocity or rate of enzyme catalyzed reaction

SimulationsPlus

A . .1 NASDAQ: SLP . .
‘ Gut wall metabolism is often saturable, and thus if V., and K, parameters are available, evallate saturation relative to dose

max



Preclinical Verification: Gap Analysis

FIH prediction for PO dosing of Cilostazol : Gut Wall Metabolism

@ Netabolism data @ CYP3A4is predicted to metabolise
Cilostazol, which is also present in the
@ Prediction of the human CL gut
@ Isoforms involved in metabolism Incorporate learnings from preclinical PO
modelling
(from AP or in vitro data) ® Simulate human profile using rCYP

predicted clearance

Enzyrne Table
Genenc E nzyme Lozation  |Data Source Yma [ma/s] or K. [mg/L]
[ma/z/mg-enz)
b |Cilostazol JA4 PBPK Microzomes 0.0125 25.07
Cilostazol JA4 Gut Microzomes h 53 25.07
Cilostazol A4 Liver Microzomes h.53 25 07

29 NASDAQ: SLP SimulationsPlus
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Preclinical Verification: Extrapolation to Human

FIH prediction for PO dosing of Cilostazol : Gut Wall Metabolism

Assess
Model

® Predicted human CLh is approximately 40% of liver
blood flow

@ Simulated profile using the predicted enzyme
kinetics results in a Fh of ~59%

@ Fgin human is predicted to be 35% indicating that
gut metabolism could be a sensitive parameter

NASDAQ: SLP

Human gut metabolism

50

454

404

(%]
o
i

Percent (%)
o

Simulation Time (h)

0 2 4 6 8 10 12 14 16 18 20 22 24

Bhoavn P &6 mee talnaoksedabioGYP3A4 in the liver

Redr+=Amuntedissolved
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Preclinical Verification Defines
Strategy for Human Prediction

Gut Wall Metabolism

| Is the compound metabolized by enzymes which are known to be active in the gut wall?

Yes l

No

L

Are the enzymes expressedin the liver?

Significant metabolismin the gut wall is unlikely

No

Yes

A

Is the contribution of individual enzymes
to hepatic metabolism known?

Assume all metabolismis via the enzyme with highest abundance in the

gut wall and scale from liver microsomes or hepatocytes to gut wall
Likely to result in underprediction of Fg, additional data required for accurate prediction.

Consider measuring

Is relative expression between

gut and liver known for the relevant enzymes? metabolismin

Yes l

intestinal in vitro
model

AreV__, and K_, available for the enzymes present in the gut wall?

Yes

No

Use V__, and K, parameters
for prediction

Use CL,,and assume non-saturable metabolismin the gut wall
This will likely result in underprediction of Fg, additional data required for accurate prediction.

NASDAQ: SLP
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Always Include Uncertainty

Based on your knowledge of the compound identify the key ADME properties of the FIH PBPK prediction

!

1

Absorption
*  Solubility (Bcsu eriv)
pKa/SolFactor
Reference solubility
Stomach solubility (especially acids)
BSSR (especially lipophilic compounds)
Gl tract solubility (especially bases)
Precipitation/MPT (especially bases)
Stomach & Gl tract pH
Percent Fluid in Sl and Colon
Bile Salt concentrations
Particle size distribution
* Passive permeability (Bcsii eriv)
Peff
ASF model
logP/D
Paracellular contribution
Enterocyte binding (especially bases)
* Active transport (Influx and/or Efflux)
* Vi and Ky,

Distribution
log P
pKa values
BPR (especially bases)
Fup
Body composition (% of each tissue)
Lysosomal partitioning (especially bases)
Permeability limited tissue model
Vimax and K, for active transport
Tissue specific parameters
+ e.g. Capt and APL binding

Metabolism and Elimination
Hepatic metabolism

*  Cli,; and matrix binding

* BPR

* Fu,

* Liver Blood Flow
Intestinal first pass metabolism
Renal elimination

* Fu,

* Glomerular Filtration Rate
Biliary elimination

* Biliary clearance fraction

|

Uncertainty evaluation
Give a range of predictions around the key uncertain model parameters (based on
preclinical data or most likely/worst case scenarios)
Combine the two most important uncertain model parameters ina 3D PSA

NASDAQ: SLP
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Understanding the Sensitive Parameters:
Planning for the Future

‘ Will micronisation improve the oral exposure?

‘ If CL or Vss is uncertain, is an IV microdose study
recommended?

‘ Will dosing with food improve the duration of
action or decrease the oral exposure?

‘ Will further modelling be required to understand
the impact of PPl inhibitors or other medicines
that increase gastric pH?

‘ Are there any data gaps that could be filled to
give greater confidence in and utility of your
model?

— For example, reaction phenotyping of
metabolising enzymes, transporter
kinetics

NASDAQ: SLP SimulationsPlus



Model Application Beyond FIH: Additional Learning

‘ Modelling high dose PK data in preclinical
species to enable the prediction of Toxicology
dose levels and frequency

— To aid in the design of these pivotal
supporting studies

‘ Predicting the PK in the target population in
addition to healthy volunteers can inform the
clinical plan

— Populations available in the FIH
Simulator include male and female,
American and Asian, infant and
paediatric, healthy, obese, hepatically
and renally impaired

NASDAQ: SLP
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Model Application Beyond FIH: Inform Your Clinical Plan

‘ Models developed using the FIH Simulator can
be used to:

— predict the possibility of DDIs with your
test compound as the victim or the
perpetrator

— Consider additional dosage routes

‘ This does require the purchase of additional
modules

NASDAQ: SLP

SimulationsPlus



Regulatory Applications

Dose selection
for FIH

Justification
of CRDPS

H 1 Establishment
Organizations - o]
(innovator & generic PH-dependin;
. s Waiver of major Claim of
Companles Commed) post-approval bi_opredictive
CMC changes diss method

Justification of
wider diss specs

Waiver of
: BCS Class
DDl stud
Waiver of PK Ha
in special
populations

Waiver of major

Bioequ!va_lence Waiver of food B ]
Bi £ prediction effect studies CMC changes
iowaver o
preclinical Dose selection
testing for BE studies

Fig. 1 Regulatory Applications of GastroPlus® (PBBM/PBPK Modeling) in the Pharmaceutical Industry (Years 2020-2022):
Results from Survey
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Considerations

‘ Use everything that you know, but keep the model as simple as
possible

— Aim to use PBPK not empirical modelling

— Combine compound specific data with physiology as they are
intimately interconnected and explicable only by reference to the
whole

‘ Preclinical verification can increase the accuracy of the human
prediction but will always lead to learning

‘ Always include uncertainty
— Never give single point estimates

‘ Be realistic with your expectations

— Asuccessful prediction gets the category right or within 2-fold, but not
necessarily matching values exactly

‘ Sensitivity analysis and model application can inform future decisions

—  Apply model to gain insight into potential development questions
NASDAQ: SLP
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Thank You

Interested in learning more? Contact:

Becky Graves
Director, Simulation Studies
becky.graves@simulations-plus.com

Peter Kilford, Ph.D.
Associate Vice President, Software Business Development
peter.kilford@simulations-plus.com

- [ simulations-plus.com/fih

1 simulations-plus.learnupon.com/store
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