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in patients with non-small cell lung cancer. The model was parameterized using in

vitro ERK1/2 phosphorylation and in vivo xenograft data for ASP2453. Publicly dis-
closed clinical data for AMG 510 were used to generate a virtual population, and

Fu.ndmg information tumor size changes in response to ASP2453 and AMG 510 were simulated. The QSP
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Pharma Inc., Japan. model predicted ASP2453 exhibits greater clinical response than AMG 510, support-

ing potential differentiation and critical thinking for clinical trials.

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

KRAS®'"*“ mutations lead to constitutive proliferation signaling and are prevalent
across human cancers. Currently, several KRAS®"’C inhibitors are in phase I/II clini-
cal testing and demonstrated single agent activity. ASP2453 is a novel inhibitor of
KRASG12C

WHAT QUESTION DID THIS STUDY ADDRESS?

It remains unclear whether ASP2453 will show more favorable efficacy than its com-
petitors, such as AMG 510. To address this question, we developed a quantitative sys-
tems pharmacology (QSP) model linking KRAS signaling to tumor growth to predict
and compare expected antitumor response of ASP2453 and AMG 510.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

Virtual clinical trial simulations were conducted using the QSP model. The results
suggest ASP2453 will exhibit superior antitumor efficacy in patients, supporting po-
tential differentiation and critical thinking for clinical trials.
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HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, AND/
OR THERAPEUTICS?
The current study illustrates the successful application of QSP in drug development,
enabling a quantitative understanding of complex preclinical data and prediction of
clinical response for anticancer agents.

INTRODUCTION stages of drug discovery and development.”'’ QSP models

KRAS is a small GTPase family protein that relays extra-
cellular growth signals (i.e., EGF/EGFR binding) to the
cell nucleus through activation of its downstream signal-
ing cascades, such as the mitogen-activated protein ki-
nase (MAPK) and phosphatidylinositol 3-kinase (PI3K).
KRASS™C mutations stabilize the active (GTP-bound)
form of the RAS-GTP/GDP cycling complex, leading
to constitutive proliferation and survival signaling. This
point mutation is found in ~ 13% of non-small cell lung
cancers (NSCLCs), and to lesser extents in pancreatic and
colorectal cancers.'? Although KRAS was long deemed
an “undruggable” target, this convention was overturned
with the discovery of a compound that covalently binds
to the G12-mutant cysteine residue, locking in the GDP-
bound inactive state.>* Multiple successive compounds
bearing the same mechanism-of-action are now in early
phase I/II clinical testing, including AMG 510 (Sotorasib,
Amgen), MRTX849 (Adagrasib, Mirati), JNJ-74699157/
ARS-3248 (Johnson & Johnson/Wellspring Biosciences),
and LY3499446 (Eli Lilly).>>® Amgen was the first to re-
port clinical data’ followed by Mirati.® Both compounds
show impressive single agent activity, with overall re-
sponse rates (ORRs) of ~ 50% in patients with NSCLC,
with no dose-limiting toxicities.

ASP2453 is a novel, highly potent, and selective inhibi-
tor of KRASC'?C . In in vitro experiments, ASP2453 almost
completely inhibited phosphorylation of ERK1/2 (p-ERK)
after a 2-h treatment in NCI-H1373 and MIA PaCa-2 cell
lines, resulting in tumor cell growth inhibition. Following
single or multiple oral administrations of ASP2453 to
NCI-H1373 tumor bearing xenograft mice, KRAS-GTP,
p-ERK, and the downstream phosphorylation of S6
(p-S6) in tumor were significantly suppressed. ASP2453
also demonstrated tumor growth inhibition in a dose-
dependent manner in NCI-H1373, MIA PaCa-2, and
SW1463 xenograft mice. These preclinical findings
strongly suggest that ASP2453 could be highly effective in
patients with cancer. However, it remains unclear whether
ASP2453 will show more favorable clinical outcomes
compared to more advanced competitors warranting an
advancement of ASP2453 to clinical trials.

Quantitative systems pharmacology (QSP) is a mathemat-
ical modeling approach increasingly being applied across all

aim to physiologically describe dynamic interactions be-
tween biological systems and therapeutics, a means to gain
deeper insight into preclinical data and quantitative transla-
tion from animals to humans. Moreover, QSP models specif-
ically capture complex biological responses, such as negative
feedback mechanisms, which are known to exist within the
MAPK pathway and affect drug responsiveness.'' Due to its
mechanistic nature, QSP serves as a powerful tool for hypoth-
esis generation, prediction of clinical outcomes, and decision
making throughout drug discovery and development.

In this paper, we developed a QSP model linking RAS-
GTP/GDP signaling to tumor growth in NSCLC to address
the following research objectives:

1. To quantitatively understand complex pharmacokinetic/
pharmacodynamic (PK/PD) relationships in xenograft
mice after ASP2453 treatments.

2. To predict clinical antitumor responses of ASP2453 and
its most advanced competitor, AMG 510.

3. To inform decision making on an advancement of
ASP2453 to clinical trials based on the comparison of ex-
pected efficacy in patients.

To this end, virtual clinical trial simulations in patients
with NSCLC were conducted for ASP2453 and AMG 510,
and predicted ORRs were compared. The workflow for in-
tegrating available in vitro, in vivo, and clinical data within
the mechanism-based model is outlined in Figure 1. Overall,
this work demonstrated the utility of a QSP approach in trans-
lational research. Further potential applications in clinical
drug development and limitations of this approach are also
discussed.

METHODS
Model structure

The model structure and parameters published by Kirouac
et al.'? for BRAFY%"F were taken as a starting point for link-
ing MAPK signaling through tumor growth. In this model,
signaling from RTKI1 (a putative receptor tyrosine kinase
— EGFR) through RAS, RAF, MEK, and ERK through S6
is described using quantitative logic gates, and drug PK and
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Modelling workflow connecting in vitro, in vivo, and clinical results. The model structure was adapted from two publications

covering RAS-GTP cycling and MAPK signal transduction (Figure 2). Calibration was performed using in vivo data from ASP2453-treated
xenografts (Figures 3, 4), and in vitro validation and extension using published data on other KRAS®'*C-specific inhibitors AMG 510, MRTX849,
ARS-853 and ARS-1620 (Figure 5). Human PK for ASP2453 and AMG 510 was used for clinical translation (Figure 6), and early clinical data on
AMG 510 response used to create a virtual population for simulating clinical dose-responses to ASP2453 versus AMG 510 in patients with NSCLC

(Figure 7). NSCLC, non-small cell lung cancer; ORR, overall response rate; PD, pharmacodynamic; PK, pharmacokinetic

tumor growth described using ordinary differential equations
(ODEs). RAS-mediated PI3K/AKT signaling is also incorpo-
rated as a surrogate for MAPK-bypass signaling, integrated
by S6. Given the importance of RAS cycling kinetics for this
drug class (covalent RAS inhibitors), a mass action kinetics-
based model of KRAS®!'*¢ cycling published by Stites and
Shaw'? was integrated as the RAS module, connected to the
logic-based signaling modules via regulation of RAF activ-
ity. KRAS"*“ mutants signal constitutively, whereas activ-
ity of wild-type proteins are regulated by receptor signaling,
an effect we accounted for by assuming the maximal rate of
signaling by the wild-type is equivalent to the mutant, but
the flux is modulated by RTK1. To do so, RTKI1 drives the
forward rate of wild-type RAS-GDP to RAS-GTP, and the
half-maximal effective concentration (ECs;) of RAF/PI3K
activation are set as a fraction of RAS-GTP (mol cell_l).
Multiple feedback regulatory circuits operate within
the MAPK cascade.'! The p-ERK induces expression of
DUSP, SPRY, and cMYC, which inhibit the phosphoryla-
tion and/or expression of ERK, RAS, and RTK1. Cross-
talk between PI3K/AKT and MAPK/ERK cascades has
also been characterized by an inhibitory interaction from
AKT to cRAF, although the mechanism remains un-
clear.'*!> These have been implemented via inhibitory
species FB1, FB2, FB3, and FB4, respectively, imple-
mented via ODEs downstream of ERK. To enable dif-
fering dynamics of the competing feedback processes,
transient intermediate species xFB2, xFB3, and xFB4 are

used (DUSP activity is rapid enough that intermediate
xFB1 was deemed unnecessary).

The final model structure comprises of 27 species and
75 parameters (Figure 2a,b). Mass-action modules (PKs and
RAS-cycling) are coded in units of mol/day, whereas logic-
based signal transduction portions are dimensionless, and
feedback and tumor growth ODE:s are in units of day_l.

Pharmacokinetics:
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RAS cycling and drug-mediated inhibition:

dRASwWtgpp
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Wherein:
ksynth =RASgq - kdeg -V,
Signal propagation through MAPK and PI3K pathways:

RTK1=RTKI,+ (RTKI,-RTK1,)
FB3kFB3
FB3KFB3 4 TFB3KkFB3 >

(16,

k2
RAF=RAF, + (RAF,—RAF,) - < RAS >

RAS*? 4 72k2

FszFBZ
. <l — GsPRY : FB2kFB2 4 - FB2KkFB2 )

< . FB4kFB4 )

4" FBA4\FB4 4 TFB4KFB4

k3
MEK = MEK, + (MEK, — MEK,) - ( RAF )

RAF® 4 7343

MEK! + 74k4

ERK =ERK, + (ERK,—ERK,) - <
FBlkFBl
' <1_GDUSP' FB1KFBI +rFB1kFBl>

MEK* )

k6
-ERK + (1 - . AKT
86 =56, + (Sét - Séb) : ( (WOR ( WOR) ) >

Wor - ERK + (1 = wog) - AKT)*® + 7646
(Wor (1-wor) - AKT)"

Wgas - RASK
Wias - RASKT 4 7747

PI3K = PI3K, + (PI3K, - PI3K,) - <

ASCPT

k8
AKT = AKT, + (AKT, — AKT,) - <L>
PI3K*® + 7848
Wherein:
RAS = RASmutgrp + RASWtgrp

Vs

Feedback regulatory circuits:

dFBI _ r; - ERK —deg, - FB1
dr
dXCFI?Z =r, - ERK — deg, - xFB2
dxﬁtm — 1, -ERK — deg; - xFB3
EBY ., -PI3K — deg, - xFB4
% =deg, - XFB2 — deg, - FB2
% =deg, - XFB3 — deg; - FB3
% =deg, - xFB4 — deg, - FB4

Tumor growth regulation:

dTD
F =r5 (S6—TD)

dCells _ <” . ( TD > s > . Cells - <1 B Cells>
dr MAX T\ D + zgks MAx VMax

Parameter estimation

The logic-based model of MAPK signaling12 reported 20 pa-
rameter sets, which equivalently described the in vitro and in
vivo data. This model was, however, developed in the con-
text of BRAF"*E_driven tumors. BRAF species and associ-
ated reactions and parameters were thus deleted, as KRAS
predominantly signals through cRAF. Parameters for the
mass action kinetics-based RAS cycling module were taken
from literature reported values (Table 1).

PK parameters of ASP2453 for xenograft-bearing mice
and humans were estimated from preclinical experimen-
tal data and predicted human PK profile, respectively, by
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FIGURE 2 Model structure and dynamics in response to KRAS'*C inhibitor treatment. (a) The logic-based model of MAPK signaling
developed in the context of BRAF**F mutations'? was modified to account incorporate KRASC'>C activating mutations. (b) Mass-actions kinetics-
based model of RAS cycling'® was integrated to account for kinetics of KRAS-inhibitor binding, linking receptor activation (RTK1) to cRAF. (c)
RAS-GTP dynamics were simulated in response to a 10 nM dose of inhibitor, with &, varied from 10% to 10’ M~! s7!. Drug-bound RAS reached
steady-state for high affinity variants within 2 h, consistent with a RAS-GDP -> GTP cycling half-life of ~ 30 min.'**! The dynamics of GDP/

GTP cycling affect measured dose response profiles. (d) Treatment with a putative KRAS inhibitors with &, of 10%,10*, 10° and 10° M~' 57!, and

simulated in vitro RAS-GTP dose-responses at 30 min through 48 h

TABLE 1 RAS mass action kinetics parameters

Parameter Value Unit References

[KRAS] 1x10° Molecules/cell Mageean et al. (2015)°"; Sunaga et al.
(2011)*

[KRAS] 5%x1077 M Assuming average cell volume of 4 pL

KRAS half-life 24 Hours Shukla et al. (2014)*

GTP — GDP half-life 30 Minutes Patricelli et al. (2016)**

% KRAS-GTP at steady state 80 % Patricelli et al. (2016)**

minimizing mean squared error of logl0-data using Particle
Swarm Optimization (PSO) with 40 particles and 100 itera-
tions, using the default settings of MATLAB particleswarm
function. PK parameters of AMG 510 in humans were

estimated from digitized clinical data in the same manner.
Parameters specifying the mass-action module (PK and k)
were found to converge to unique values. Cell signaling feed-
back and tumor growth parameters were similarly estimated
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from in vivo xenograft data using PSO with 100 particles
and 500 iterations. For these, PSO was run 20 times, once
for each of the stating 20 parameter sets specifying the logic-
based signaling module (Table S1). Many of these parame-
ters are nonidentifiable, although no systematic analysis was
performed. All PD simulations represent an average of the
results from the 20 parameter sets.

Virtual population generation

For model translation, we first estimated AMG 510 human
PK parameters based on data from Amgen presentation at
ESMO 2019.7 Binding affinity of AMG 510 was estimated
from published in vitro data (k,, = 1.2 x 10* M~" s7H),!°
and protein bound-fraction was assumed to be the same as
that measured for ASP2453 (f;, = 0.9926). All intracellular
signaling parameters were assumed to be conserved between
the xenograft and human tumors. Two parameters that were
chosen for scaling were the rates of tumor cell proliferation
(Mmax) and cell death (6,,,,). Although other model parameters
(i.e., RTKI1 expression level: RTKIt) are likely to vary be-
tween species, and between individual patients, cell prolifera-
tion and death rates are both known to vary and are highly
sensitive.

A virtual cohort of 1000 subjects (i.e., parameter sets)
was generated by first random resampling from the 20
parameter sets comprising the mouse model. The param-
eters p,, and o,,, were scaled to 0.1 and 0.2 times the
values estimated from the mouse model and randomized by
sampling from a log normal distribution with mean of the
scaled value, and standard deviation of 0.02. Simulations
of tumor size change at 6 weeks for the virtual cohort are
shown in Figure S1.

The virtual cohort was used to generate a virtual popula-
tion consistent with the clinical data. That is:

1. Control tumor growth varying from approximately one
to threefold from baseline at 6 weeks, based on pub-
lished meta-analysis of NSCLC tumor volume doubling
times.'”

2. Distribution of tumor size changes after 6 weeks treatment
with AMG 510 at 180-960 mg from the waterfall plot pre-
sented by Amgen at ESMO (digitized in Table S2).

A prevalence weight (PW) was calculated for each pa-
rameter set (i.e., subjects) in the virtual cohort. This was
done by:

1. Applying a PW = 0 (exclusion) for each parameter
set that resulted in less than 0.9 OR greater than
3-fold change in tumor size at 6 weeks for control
treatment.

ASCPT

2. Categorize the AMG 510 waterfall plot data into 20% bins
ranging from 0-20% to 100-120% change from baseline.
Simulated tumor size changes for the virtual cohort were
then categorized by bin, and PW computed as:

PWi = fdata, /fvc;

Wherein PW for virtual subjects in bin i (PWi) is based on
the frequency of clinical data in bin i (fdata;) and the frequency
of virtual cohorts in bin i (fvc;). The PW vector was then scaled
to 1.

Resampling 200 parameter sets from the virtual cohort
with frequency specified by the PW then produced the virtual
population consistent with the clinical data. All subsequent
clinical simulations (ASP2453 vs. AMG 510 dose-responses)
were performed by sampling 200 parameter sets specified in
the virtual population. The approach is adapted from pre-
vious papers.lg’19 The workflow was completed with larger
virtual cohorts (n = 10,000) to reduce instances of patient
resampling, but results were unaffected.

The model was coded in SimBiology, and all simulations
and analyses performed in MATLAB R2019b (Mathworks,
Natick, MA). Typical model scripts are provided as
Supplementary Material. Note these may not be future-
compatible with MATLAB releases other than R2019b.

Experimental methods for in vitro p-ERK inhibi-
tion, plasma protein binding, in vivo xenograft studies,
and human PK prediction are shown in Supplementary
Material. All data related to ASP2453 was generated in-
house, and data related to alternate compounds (AMG 510,
MRTX849, ARS-853, and ARS-1620) were extracted form
published literature.

RESULTS
Model construction

The model structure was compiled from two separate publi-
cations. As a starting point, the model published by Kirouac
et al.'? linking cell signaling through the MAPK cascade to
tumor growth was implemented. However, this model was
developed in the context of colorectal BRAF V600E oncogenic
driver, rather than KRAS'*C. To adapt the model to KRASC!1*¢
NSCLC, we integrated a mass action kinetics-based mod-
ule developed by Stites and Shaw,'® describing cycling of
RAS-GDP to RAS-GTP isoforms in place of the original
logic-based equations, and removed the BRAFYE species
and associated reactions (Figure 2a,b). RAS inhibition by
covalent modification was implemented as a unidirectional
reaction between compound and RAS-GDP, characterized
by the target association rate (k.,). This is a summation of
kinac K;» typically used to describe the efficiency of covalent

inact
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bond formation resulting from the potency (K;) of the first re-
versible binding event and the maximum potential rate (k;;,.)
of inactivation.”” The 20 previously published parameter sets
that equivalently described response to BRAF, MEK, and
ERK inhibitors in BRAF'*"F tumor cell lines were found to
qualitatively capture dose-responses to a putative KRAS in-
hibitor (Figure S2).

Simulations of in vitro RAS-GTP dynamic
response to inhibitor treatment

Dynamics of RAS-GTP inhibition in response to a
putative RAS inhibitor with varying target affinities
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were simulated. Implementing a GTP-GDP half-life of
30 min resulting in the system reaching steady-state by
~ 2 h when treated with a potent inhibitor (Figure 2c¢),
consistent with published target engagement kinet-
ics.'?! All other parameters were taken directly from
the published model.'? For high affinity/high dose treat-
ment, the kinetics of RAS-GTP inhibition is limited by
the RAS-GTP/GDP cycling rate rather than target en-
gagement kinetics. As a result, dose-response curves
for RAS-GTP inhibition display time-dependence.
That is, the apparent ECs, shifts toward increased po-
tency as assay time increases, plateauing at 24-48 h
(Figure 2d), consistent with published data for this

class of compounds.ls’22

— o ASP2453 30 mg/kg
— o ASP2453 10 mg/kg

FIGURE 3 Model fitting to ASP2453
in vivo pharmacokinetic (PK) and
pharmacodynamic (PD) data. A three-
compartment PK model comprising central,
peripheral, and tumor compartments was

fit to plasma (a) and tumor (b) PK time-
course data. Simulated in vivo KRAS-GTP
dynamics following single (SD: ¢) and
multiple doses (5 days q.d., MD: d) of
ASP2453, and overlaid with data (mean, and
+ standard deviation represented as shaded
areas). Simulated p-ERK (e, f) and p-S6

(g, h) PD profiles following single (SD)

and multiple doses (MDs) of ASP2453 (an
average of the results from the 20 parameter
sets), overlaid with experimental data (mean
+ standard deviation)
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Modeling of PK/PD and tumor growth profiles
in murine xenografts

Given that the model structure adequately describes both
RAS-GTP/GDP kinetics and cellular signal transduction,
we used in vivo data from xenograft studies to successively
estimate model PK, target affinity, and signaling feedback
parameters. First, a three-compartment PK model was fit to
plasma and tumor concentration time-course data follow-
ing 10 and 30 mg kg™ dosing of ASP2453 in NCI-H1373
xenograft-bearing mice (Figure 3a,b, Table 2).

Tumor KRAS-GTP dynamics over 48 h following single
dose (SD; Figure 3c), and 5-day q.d. dosing (multiple dose
[MD]; Figure 3d) were quantified via GTP-pull down assays
on tumor lysate. To estimate k,, of ASP2453, the PK model

TABLE 2 PK parameters for ASP2453 and AMG 510

ASP2453 ASP2453 AMG 510
Parameter (mouse) (human) (human)
k, (1/day) 15.88 234 58.1
V, (L)* 0.0834 1309 110
v, (L)* 0.010 330.4 4.40
k, (1/day) 0.235 0.497 0.0908
k, (1/day) 9.98 1.91 2.98
ky, (1/day) 0.0059 0.0059° 0.0059°
kyy (1/day) 0.0051 0.0051° 0.0051°
koy M1 s7H 5E+05 5E+05° 12,000
o 0.996 0.9926 0.9926°
“Assume 20 g body weight mouse, 70 kg human.
®Assume same as ASP2453 xenograft values.
“Assume same as ASP2453 human value.
@ Tumor Growth
6 Dose (mg/kg)
5t °
i) 1.25
L4}
£ 2.5
53 .
0]
g X! 10
=
= 1 30
—— simulation
0 e data
0 5 10 15
time (day)
FIGURE 4

(b)
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and measured protein bound fraction (f, = 0.996) was used
to simulate tumor KRAS-GTP dynamics. k,, for ASP2453
was estimated to be 5 x 10° M~' s™! by fitting the single
dose RAS-GTP PD simulations to the experimental data.
However, after MDs, experimentally measured KRAS-GTP
is suppressed to a greater extent than predicted by the model,
a phenomenon that cannot be explained by tumor accumula-
tion of free drug.

The PD profiles of the downstream signaling readouts
p-ERK and p-S6 were found to change after repeat dos-
ing (Figure 3e-h). Following 5 days of q.d. treatment with
ASP2453, both p-ERK and p-S6 are much less sensitive to
KRAS-GTP inhibition (i.e., the maximum % inhibition de-
creases), a phenomenon reported previously for MRTX849.%
The p-ERK in fact rebounds above baseline value by 24 h
post-treatment. This is likely due to the activation of multi-
ple feedback circuits regulated by ERK," implemented in the
model as mediated by DUSP, SPRY, and cMYC, as well as
via pathway cross talk from AKT to cRAF.'*!3 The PD pro-
files of p-ERK and p-S6 were used to estimate 25 parameters
defining signaling and feedback circuits across all 20 param-
eter sets from the original BRAF/MAPK model (Table S1).
The resulting model simulations are consistent with the data,
capturing the loss of signaling responsiveness following MDs
(Figure 3e-h). Full 15-day dynamic simulations are shown in
Figure S3.

NCI-H1373 tumor xenograft-bearing mice were treated
with ASP2453 at a dose range of 1.25 to 30 mg kg_1 q.d.,
and tumor size was measured over 15 days. These data were
used to estimate six model parameters connecting p-S6 ac-
tivation to tumor growth (Table S1). The fitted model is
consistent with data, showing dose-dependent reduction in
tumor growth, with tumor stasis achieved at ~ 10 mg kg™
q.d. (Figure 4a).

W CTRL O010mpk @30mpk @ CTRL sim © 10mpk sim @ 30mpk sim

Tumor Growth (fold)

In vivo tumor xenograft model fitting. (a) NCI-H1373 xenograft kinetics in response to QD dosing of ASP2453 at 0 (ctrl), 1.25,

2.5,5, 10, and 30 mg kg_1 (an average of the results from the 20 parameter sets). (b) Tumor growth at 15 days for nine cell line- and patient-derived

xenografts treated with 0 (ctrl), 10 and 30 mg kg™' ASP2453 q.d. Error bars represent + standard deviation of the observed data
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To ensure results were not unique to NCI-H1373 xe-
nografts, eight additional KRASS'*C cell line- and patient-
derived xenografts tumor models were treated with 10 and
30 mg kg_1 ASP2453 (q.d.), and tumor sizes measured over
15 days. Dose-dependent antitumor activity of ASP2453
was observed in all models, whereas the baseline tumor
growth and sensitivity varied (Figure 4b). Model simu-
lations accurately captured the observed activity in each
xenograft by adjusting only two parameters — g, and
Omax (Figure S4), keeping all other parameters consistent.
Although other physiological parameters (i.e., protein ex-
pression levels) are likely to vary between xenografts and
individual patients, these two are sufficient to account for
the observed diversity in tumor responses, and may be min-
imally sufficient to capture interindividual variability for
clinical projections.

Local parameter sensitivity analysis identified additional
combination targets consistent with findings from other

KRAS inhibitors'®?%%3 (Figure S5a), and additional simula-
tions predicted in vivo combination effect reported for the
compound MRTX849% (Figure S5b).

Model validation using in vitro data and
expansion to AMG 510

NCI-H1373 cells were grown in culture, treated with dose-range
of ASP2453, and p-ERK was quantified 2 h post-treatment via
enzyme-linked immunosorbent assay (ELISA). Using the in
vivo parameterized model, simulations of both KRAS-GTP and
p-ERK, recapitulating the experimental protocol, were over-
laid with the observed data (Figure 5a). The simulated p-ERK
dose-response quantitatively matches the experimental results.
To assess sensitivity of results to the estimated k,,, simulations
were performed varying affinity. Setting bounds at + twofold
the in vivo estimated value (k,, = 2.5-10 x 10° M~'s™") fully
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FIGURE 5 In vitro model validation using ASP2453, ARS-853, ARS-1620, AMG 510, and MRTX849 dose-response data. (a) Published

-1 -1

RAS-GTP and p-ERK dose-responses to AMG 510'® (2 h treatment) were overlaid with simulated curves with a ko estimate of 12 X 10°M~'s7,
consistent with the reported value of 9.9 + 1.8 x 10° M~' s™!. Similarly, experimentally measured p-ERK dose-responses to ASP2453 treatment
(2 h) overlaid with model simulations with k_, of 5 x 10° M~"'s7!. Shaded areas represent + 2-fold estimated affinity. (b) 24-h treatment
simulations with ARS-853 and ARS-1620 implemented using reported k,, of 76 and 1100 M~"s™", respectively, and overlaid with published
simulations'® and experimental data.>! (¢) MRTX849 reported time-dependent p-ERK half-maximal effective concentration (ECsp) values®> were

-1 -1

overlaid on simulated dose-response curves at 3, 6, 24, and 48 h with a &, estimated at 1.5 X 10°M™ s
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22 NSCLC patients treated with AMG 510 at 6 weeks was digitized and used to derive a virtual population.” (¢) Model simulations of tumor drug
concentration, RAS-GTP, p-ERK, and p-S6 dynamics over 20 days in response to q.d. treatment with AMG 510 versus ASP2453 at 10 through
1280 mg (an average of the results from the 200 virtual population for p-ERK/p-S6). (d) Model simulated tumor size changes at 6 weeks for 200
virtual patients treated with AMG 510 versus ASP2453
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captured the p-ERK dose-response curve. To directly compare
in vitro potency of ASP2453 to AMG 510, we used published
in vitro dose-response data for AMG 510.'© KRAS-GTP meas-
urements were attained in a nucleotide-exchange assay with re-
combinant KRAS (G12C/C118A), and p-ERK dose response
data from the same experimental protocol as ASP2453, al-
though using two alternate KRAS®"C_mutant cancer cell lines
(NCI-H358 and MIA PaCa-2). By matching model simula-
tions to the experimental data, we estimate k,, of AMG 510
tobe ~ 12 x 10° M~! 57! (Figure 5a), with a twofold spread
in this value (6-24 x 10° M~'s™) fully capturing the curves.
This is within bounds of the reported value of k;,,./K; (equiva-
lent to k) for AMG 510, measured via mass spectrometry as
9.9+1.8x 10°M™! s_l,16 or ~ 50-fold lower than estimated for
ASP2453.

To further validate model predictions in vitro, we utilized
published dose-response data for other KRASGIZC—specific
inhibitors with the same mechanism of action. First, we
simulated KRAS-GTP and p-ERK dose-response curves
after 24-h treatment with the tool compounds ARS-853 and
ARS-1620, based on reported k;,,./K; (k,,) values of 76 and
1100 M~ s71.132! Data from the Figure S3 of ref. 21 was
digitized and overlaid on the simulated curves (Figure 5b).
Model predicted dose-response curves are similar to pub-
lished data, without any parameter tuning.

The compound MRTX849 was reported to display time-
dependent p-ERK ECj, values,”” consistent with theoret-
ical model simulations of KRAS-GTP shown in Figure 2d.
Estimating the k, for MRTX849 as 1.5 x 10° M~'s™!, model
simulations replicated the reported time-dependent shift in
ECs, values, stabilizing after 24 h (Figure 5c).

In summary, the model quantitatively links binding affin-
ity of covalent inhibitors for RAS-GDP, via RAS-GTP sig-
naling through the MAPK pathway, to p-ERK dose response
relationships for multiple compounds, consistent with both
published and internal data.

Clinical translation and virtual
population generation

To use the model for clinical predictions, we utilized pub-
lished AMG 510 clinical data. First, a human PK model for
AMG 510 was developed using population average PK time-
course data following a single dose of 960 mg.7 Parameters
for a standard two-compartment model were estimated by
fitting the digitized data (Table 2). Tumor penetration rates
(k5 and k,;) were assumed to be the same as estimated for
ASP2453 xenografts, and tumor PK projections from such
overlaid on the fitted model (Figure 6a).

Published tumor-size change data (waterfall plot) at
6 weeks following q.d. dosing of AMG 510 in patients with
NSCLC were digitized.7 Tumor responses from patients

treated with 180 (n = 3), 360 (n = 1), and 720 mg (n = 5)
were statistically indistinguishable from 960 mg (n = 13)
distribution (Table S2), hence the multiple-dose data was
compiled for generating the virtual population. We assumed
protein bound fraction of AMG 510 was the same as that
measured for ASP2453 (f, = 0.9926), and a virtual cohort
(n = 1000) was generated by simulating the AMG 510
clinical protocol and randomizing u.,,, and &,,,, by Monte-
Carlo sampling from a log-normal distribution (Figure S1).
A virtual population (n = 200) was then generated by PW
approach,18 such that the simulated changes in tumor size at
6 weeks matched the published distribution, and growth of
untreated tumors was consistent with published data (—10
to 300% change”; Figure 6b, Table 3). The model thus now
links AMG 510-mediated KRAS-inhibition, via cellular sig-
naling cascades, to population-level tumor growth.

Virtual clinical trials for ASP2453 and
AMG 510

PK/PD profiles of ASP2453 vs. AMG 510 (dosed 10 through
1280 mg q.d.) were simulated using the drug-specific k,
and projected PK parameters (Figure 6c¢). Although pre-
dicted exposure in ASP2453 was much lower due to the
larger volume of distribution (Table 2), predicted KRAS-
GTP inhibition is still greater due to the ~ 50-fold increased
affinity of ASP2453. Consistent with the in vivo xenograft
data, inhibition of p-ERK and p-S6 is reduced over time
due to the activation of feedback circuits, with p-ERK over-
shooting baseline levels following ~ 1 week of treatment.
NSCLC virtual population tumor responses at 6 weeks to
increasing doses of ASP2453 versus AMG 510 are shown
in Figure 6d.

To directly compare clinical predictions between
ASP2453 and AMG 510, dose-response simulations of
RAS-GTP at end of treatment and ORR (>30% tumor size
reduction) between the two compounds are summarized

TABLE 3 Virtual cohort and population distributions

N Fz Fz (V Fz (V
Tumor size bins (data) (data) cohort) Pop)
1-1.2 5 0.227 0.335 0.228
0.7-1 6 0.272 0.377 0.272
0.5-0.7 6 0.272 0.151 0.256
0.3-0.5 3 0.136 0.118 0.160
0-0.3 2 0.091 0.019 0.084

Note. Tumor size changes following six weeks treatment with AMG 510 at

960 mg q.d.7 Columns represent the number of patients in each bin from the data
(N) and the corresponding frequency (Fz), and the frequency of virtual patients
falling into each bin for the virtual cohort (V cohort), and virtual population (V
Pop).
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FIGURE 7 Virtual population mean dose-response projections for AMG 510 versus ASP2453. Virtual population simulations were used

to calculate (a) relative RAS-GTP inhibition at 6 weeks post-treatment and (b) overall response rates (ORR; >30% reduction in tumor size at
6 weeks). Uncertainty in k, estimation for AMG 510 (2-fold around estimate of 12 X 10° M~" s7) is projected via shaded area on the AMG 510
KRAS-GTP and resultant uncertainty on the ASP2453 ORR dose-responses

in Figure 7a and b. Uncertainty in the estimate of k, for
AMG 510 from the in vitro (p-ERK) data was projected to
the clinical dose-responses by creating three virtual popu-
lations with k&, at the median, lower, and upper bounds of
the estimated value (6 to 24 x 10° M~'s™, represented by
shaded areas in the plots). The 50-fold greater affinity of
ASP2453 results in increased KRAS-GTP suppression and
higher response rate at equivalent doses (i.e., the 50% ORR
reported from AMG 510 at 960 mg is achieved with 380 mg
ASP2453).

We can thus use the model to predict how differences in tar-
get association rate and PK project to clinical responses for other
KRASC®" inhibitors where these values are known or predicted.

DISCUSSION

Predicting clinical outcomes from preclinical data is one of
the most challenging tasks in the drug discovery and devel-
opment process due to a large physiological gap between
animals and humans. Here, we have developed a QSP model
in NSCLC by integrating two mechanism-based models,
one describing RAS-GTP/GDP cycling and inhibitor bind-
ing,13 and one linking cellular signal transduction from RAS,
through the MAPK and PI3K pathways, to tumor growth.12
The model was parameterized using in vitro data, in vivo
xenograft PK, PD and tumor growth data, and clinical PK
and tumor response data published for AMG 510.7 The
model successfully reproduced the complex PK/PD dynam-
ics in xenograft mice caused by multiple feedback mecha-
nisms within the MAPK pathway. The virtual clinical trial
simulations in patients with NSCLC suggested superior clini-
cal efficacy in ASP2453 over AMG 510.

PK/PD modeling has traditionally been applied to predict
clinical tumor response of anticancer agents. However, con-
ventional PK/PD models are data-driven and include only
limited biological information, hence, clinical translation
from animals to humans is typically carried out in an em-
pirical manner.**? In contrast, a QSP model physiologically

describes a biological system and its response to therapeu-
tics.”?® Because model components and reactions have bio-
logical meaning, a QSP model is capable of addressing more
advanced research questions and interpreting complex, non-
intuitive data.

Signaling dynamics in response to kinase inhibitor treat-
ments are a prime example. In NCI-H1373 xenograft-bearing
mice, the degree of p-ERK and p-S6 inhibition in tumors
were decreased after multiple dosing of ASP2453. This
phenomenon is hypothesized to be caused by multiple neg-
ative feedback loops known to exist within the MAPK path-
way.' LIS verify this, four feedback circuits mediated by
DUSP, SPRY, and cMYC, as well as via pathway from AKT
to cRAF were incorporated to the model to fit the observed
mouse PD data. The model successfully captured the PD be-
havior in xenografts, indicating contribution of these feed-
back mechanisms to the observed resistance of p-ERK and
p-S6 suppression at steady-state (Figure 3). QSP models thus
can be used as a hypothesis testing tool and support quantita-
tive understanding of complex preclinical data.

We also utilized the QSP model to compare the expected
clinical response between ASP2453 and AMG 510. The in vitro
p-ERK dose-response data in KRAS®"“_mutant cell lines indi-
cated that the target affinity of ASP2453 was ~ 50-fold higher
than that of AMG 510 (Figure 5a). However, drug efficacy
is determined by multiple aspects, not only drug potency but
also PK, target tissue distribution, and protein binding. Direct
comparison of the anticipated clinical response of a develop-
ing compound versus competitors is therefore challenging. In
fact, for ASP2453, because plasma exposure was expected to
be lower due to the large distribution volume observed in an-
imals, the question of whether this compound would exhibit
superior clinical efficacy had been of great concern. To address
this question, relevant preclinical data as well as clinical infor-
mation for AMG 510 were integrated using the model and vir-
tual clinical trial simulations were conducted in patients with
NSCLC. The simulations predicted that despite lower exposure,
ASP2453 will achieve increased KRAS-GTP suppression and
greater ORR at equivalent doses (Figure 7). This result strongly
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suggests the potential of ASP2453 to be the best-in-class com-
pound among KRAS®"€ inhibitors and provides confidence on
an advancement of ASP2453 to clinical trials.

A couple of assumptions were included in the model due
to the lack of available data at the time of model develop-
ment. First, we assume that the fraction protein bound (f;,)
of AMG 510 is equivalent to that of ASP2453. Second, we
assume that tumor penetration rates (k;, and k,,) estimated
for ASP2453 in NCI-H1373 xenografts holds for both com-
pounds clinically. Exploration of these parameters, however,
reveal that changing the either of these assumptions +2-
fold had limited effect of dose versus ORR simulations for
ASP2453 (Figure S6). As additional data are released, these
parameters can be updated in the model and predictions fine-
tuned accordingly. Similarly, as additional clinical data are
released, the virtual population can be updated along with
clinical predictions.

Additionally, a number of simplifying biological as-
sumptions were made during model development. First,
the PI3K/AKT pathway is highly simplified and represents
more of a place-holder for non-MAPK dependent prolifer-
ative pathways. This was necessary both based on known
molecular biology of RAS? and the observation that KRAS-
inhibition holds sustained activity despite MAPK/ERK sig-
nals becoming insensitive over time due to the activation
of negative feedback circuits.”” As such, we do not expect
the model to quantitatively predict the effect of combin-
ing KRAS-inhibition with PI3K/AKT-targeted therapies
(despite predicting generic combination effects with such
agents28). Second, only cell proliferation and death rates
(Mmax and O,,,,) were varied to create the virtual cohort and
successive virtual populations. Although these are the most
sensitive model parameters controlling tumor size, and
the approach adequately captured heterogeneity observed
both across xenograft models and between patients, likely
other molecular model parameters will also vary between
tumors (i.e., protein expression levels and basal signaling
activity). As such, variability in patient response to inhib-
itors of these species (i.e., EGFR or PI3K-targeted ther-
apies) are not accounted for, and we thereby also do not
expect the virtual population to quantitatively predict the
effect of targeted combination therapies. The virtual pop-
ulation could be parameterized to do so, if single agent
activity of such compounds was available for the same in-
dication (KRAS“/*“-mutant NSCLC). Finally, the model
only explicitly considers tumor cell-autonomous effects of
KRAS-inhibition, disregarding the role of the tumor mi-
croenvironment and immune system. The adaptive immune
response is reported to play a role in the activity of KRAS
inhibition,'®% as with essentially all cancer therapies.30
Although these effects are implicitly accounted for in the
virtual population, the model in its present formulation
will not predict combination effects of immune check-point

blockade, as is planned for the clinical development of these
compounds.6 Despite these limitations, the QSP model and
approach in general may serve as a useful drug development
tool, representing the first computational model linking mo-
lecular properties of a drug class to clinical activity based
on a mechanistic description of the cell biology.

In summary, this paper illustrates the successful applica-
tion of QSP modeling in drug development. The model was
applied to the translational prediction of clinical responses,
projecting ASP2453 to exhibit greater potency than AMG
510 in patients with NSCLC. The simulation results pres-
ent potential differentiating features of ASP2453 from its
competitor and support critical thinking for clinical trials.
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