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ABSTRACT

Osimertinib, a tyrosine kinase inhibitor (TKI), treats non-small cell lung cancer (NSCLC) with epidermal growth factor receptor
(EGFR) mutations. However, its efficacy may vary due to heterogeneous drug distribution, assessable through microdosed ra-
diolabeled drugs and positron emission tomography (PET). Precision dosing using microdosed TKI-PET encounters challenges
due to pharmacokinetic (PK) variations between micro- and therapeutic doses. This study aims to predict osimertinib's tissue
concentration-time profiles for both microdose and therapeutic dose scenarios using a whole-body physiologically based phar-
macokinetic (PBPK) model, which incorporates nonlinear PK processes and target site occupancy. A target site PBPK model
for osimertinib was developed to predict drug distribution across various tissues, including lung tumor, based on a previously
published PBPK model. The model incorporated tissue-specific parameters and accounted for both linear and nonlinear pharma-
cokinetic processes, including EGFR-binding dynamics and tumor dynamics. Model predictions were verified with microdosed
[''C]C-osimertinib PET imaging data and clinical pharmacokinetic profiles to assess accuracy and reliability. The developed
target site-PBPK model accurately predicted osimertinib pharmacokinetics across multiple (tumor) tissues and dose levels within
2-fold error compared to observed PET data. This study underscores the utility of PBPK modeling in predicting osimertinib's
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pharmacokinetics across diverse tissues, offering insights into drug distribution and predictions of target engagement in NSCLC

patients using microdose PET imaging data. The developed model serves as a promising tool for optimizing dosing strategies and

evaluating novel EGFR-TKIs in NSCLC treatment.

Summary

« What is the current knowledge on the topic?

o Osimertinib, a third-generation EGFR-TKI, is used
in NSCLC patients with EGFR mutations. Existing
PBPK models can predict plasma drug concentra-
tions but are often inadequate for predicting drug
distribution in tissues, particularly in EGFR-rich
compartments such as lung and tumors. These mod-
els typically do not account for EGFR-binding kinet-
ics or tumor-specific dynamics.

« What question did this study address?

o The study aimed to determine whether incorporat-
ing tumor-specific dynamics and nonlinear EGFR-
binding kinetics into PBPK models could improve
predictions of osimertinib distribution in target tis-
sues. It also sought to validate the new target site-
PBPK-model against patient data from microdose
PET imaging ([''C]C-osimertinib) and therapeutic
dosing.

« What does this study add to our knowledge?

o This study improves PBPK models for osimerti-
nib by incorporating tumor-specific dynamics and
EGFR-binding kinetics, enabling more accurate pre-
dictions of drug distribution in EGFR-rich tissues
like the lung and tumor. The model identified two
distribution phases: a rapid decline postadministra-
tion and a slower phase driven by tissue distribution
and EGFR binding. Validation using PET imaging
and therapeutic dosing showed that most predic-
tions were within acceptable error margins.

« How might this change drug discovery, development,
and/or therapeutics?

o This study enhances drug development with PBPK
models that accurately predict tissue drug distribu-
tion, supporting targeted therapy evaluation. When
apropriately validated, it may enable personalized
dosing based on tumor size, EGFR expression, and
patient variability. Microdose PET imaging based
modeling in a limited number of patients reduces
reliance on large clinical trials for predicting tar-
get attainment. Exploring tumor heterogeneity fur-
ther refines predictions for individualized dosing
strategies.

1 | Introduction

Lung cancer is the leading cause of cancer-related mortal-
ity worldwide [1]. Historically, non-small cell lung cancer
(NSCLC), accounting for approximately 85% of all lung cancer
diagnoses, has primarily been treated with cytotoxic chemo-
therapy. However, in recent years, novel targeted treatment
modalities directed against specific oncogenic driver pathways

have emerged [2]. One of the most significant actionable driver
mutations is the epidermal growth factor receptor (EGFR)
mutation, occurring in approximately 10% of NSCLC cases
in the Western population [3, 4]. Mutations within the EGFR
kinase domain can result in constant, ligand-independent
activation of the EGF receptor. Targeting these oncogenic
pathways provides a promising approach, capable of reducing
activated prosurvival signals, and increasing proapoptotic sig-
nals. Therefore, it holds significant interest in the treatment
of cancers characterized by mutated EGFR (2, 4]. In approx-
imately 85% of EGFR-mutated lung cancer patients, common
mutations involving exon 19 deletion or L858R point mutation
occur [5]. Tyrosine kinase inhibitors (TKIs), developed to spe-
cifically inhibit the EGFR signaling pathway, exhibit varying
binding characteristics.

Despite initial success observed in clinical trials with early-
generation EGFR-TKIs, drug resistance generally develops in
less than a year [2, 6]. Acquired resistance is often attributed to
the emergence of additional mutations, such as the EGFR T790M
mutation [7]. T790},, in contrast to primary activating mutations
like exon 19 deletion or exon 21 L858R, is an acquired resistance
mutation that coexists with the original driver EGFR mutation.
The discovery of this resistance mechanism prompted the develop-
ment of third-generation EGFR-TKISs, such as osimertinib, primar-
ily targeting T790M mutated EGFR. Osimertinib, with a 200-fold
higher potency for inhibiting T790M mutated EGFR than wild-
type EGFR [5, 8, 9], is currently the standard first-line therapy for
all locally advanced and metastatic NSCLC patients harboring an
activating EGFR mutation [9, 10].

Variability in drug distribution into tumor tissue can lead to
sanctuary sites where some neoplastic cells receive insufficient
TKI concentrations during treatment [11, 12]. Such variability
of drug penetration into tumor tissues may result in suboptimal
treatment responses [12]. Positron emission tomography (PET)
with microdosed radioactively labeled drugs can be instrumen-
tal in identifying these sanctuary tumor sites and quantifying
drug uptake at the site of action among patients [5, 13]. The
resulting PET images offer valuable information for character-
izing drug uptake at various tissues over time and their respec-
tive pharmacokinetic (PK) profiles. However, consideration is
required when translating these PET image-based findings into
the PK of therapeutic doses [14]. At therapeutic doses, enzymes
involved in TKI binding and metabolism, drug-specific trans-
porters, and EGFR-binding may become saturated, resulting in
different metabolic patterns and tumor uptake compared with
microdoses [15].

Physiologically based pharmacokinetic modeling (PBPK) is a
modeling technique employed to predict the absorption, distri-
bution, metabolism, and excretion (ADME) of drugs in humans.
It combines system-specific parameters based on the physiology
of different tissues and organs (e.g., volume, blood flow, pH, and
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target abundance) with drug-specific parameters based on phys-
icochemical properties of the drugs (e.g., pKa, logP and target
affinity). These models can be used to investigate the contribu-
tion of different biological processes on the PK of EGFR-TKIs
and their corresponding on-target site attainment (the tumor
site concentration at which optimal EGFR receptor occupation
is reached) and can therefore be used to assess drug uptake at
the site of action. We recently developed a steady-state PBPK
model, to predict PET image quality and whole-body distribu-
tion of three generations of radiolabeled EGFR-TKI tracers in
advanced stage (stage 3 or 4) NSCLC patients [3]. This model
successfully predicted whole-body PET image quality and the
tumor-to-lung ratio of radiolabeled TKIs at a steady state [3].
However, this model did not yet consider the binding of osim-
ertinib to EGFR in a mechanistic manner, which is crucial to
adequately describe temporal PK of osimertinib and translate
between microdose and therapeutic dose.

The current study therefore aimed to build a robust whole-body
PBPK model for osimertinib mechanistically accounting for
on- and off-target binding in all tissues, which allows explora-
tion of the impact of EGFR binding on TKI PK. Accounting for
these specific processes in a PBPK model allows us to generate
deeper insights into target site-PK and is the first step in model-
guided precision medicine for EGFR overexpressing Cancers.
The model functionality was assessed based on microdosed PET
imaging and therapeutic plasma PK data. Building upon the pre-
vious steady-state PBPK model [3], this comprehensive approach
incorporated all known linear and nonlinear processes in drug
absorption, distribution, metabolism, and elimination.

2 | Materials and Methods

2.1 | Description of the Literature-Derived Whole
Body PBPK Model (Base Model)

First, a whole-body PBPK model was developed using a bot-
tom-up approach, based on a previously published PBPK model
for osimertinib by Reddy et al., and fully rewritten to include all
differential equations [3, 16]. The whole-body model structure
is based on the framework outlined by Rodgers et al. and Jones
et al. [17, 18] (Figure 1A). Organ-specific parameters, including
organ flow (Q) and organ volume (V), were obtained from the
references cited in Table S1 and Appendix S2.

The model incorporated various compartments representing dif-
ferent tissues and organs: adipose, brain, gut, heart, kidney, liver,
lung, lung tumor, muscle, pancreas, and spleen. A gut lumen
compartment describes the absorption process of orally adminis-
tered osimertinib [16]. Arterial and venous blood compartments
capture the distribution and elimination processes [16]. The ab-
sorption, metabolism, and elimination rates of the drug were
assumed to be linear across the entire dose range (Table S6 of
Appendix S2). This assumption was based on the proportional in-
crease in maximum plasma concentration (C,,,,) and area under
the curve (AUC) of osimertinib [19], similar with midazolam, a
drug sharing a comparable metabolic profile [20] (Table S6).

For each tissue, tissue-to-plasma partition coefficients (Kp) were
determined using the Rodgers and Rowland partition equa-
tions designed for moderate to strong bases (Appendix S4 and
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FIGURE1

I (A) Overview of the whole-body target site-PBPK-model. Each tissue is represented as a compartment (blue) with its own blood flow

(Q). After drug is injected Into the venous department or orally administrated via the gut lumen, the drug distributes via the lungs to arterial blood.
Asterisked (*) compartments are those with significant EGFR expression. (B) Schematic overview of the lung and lung tumor compartments. The
drug is represented by the orange circle labeled “B,” while the purple hexagons represent hydrogen (H+) atoms, together indicating protonated bases.
The EGF receptor is shown as blue receptors, with neutral (phospho)lipids (NL/NP) and acidic phospholipids (AP) represented by green and yellow

ovals, respectively. The pH values for each compartment are provided.
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visualized in Figure 1B) [21]. This calculation considered the
transcellular distribution of the unprotonated drug and free
fraction of the drug in plasma (F,), as evaluated for the distri-
bution of EGFR-TKI [3]. Osimertinib is a strong base with a pKa
of 9.0 resulting in a high fraction of protonated drug at a physi-
ological pH of 7.4 (0.975). Due to the protonated status in an en-
vironment with or below pH 7.4, the lysosomal sequestration or
trapping (LYS) was added as previously described (Appendix S4,
equation 5) [3, 22]. Here, the extravascular (EW) compartments
consist of the sum of the remaining Kp, values and volumes
(EW, NLNP, AP, and LYS) [3, 22].

2.2 | Target Site-PBPK: Adaptations to the Model

Two additions were made to the base model to better reflect the
tumor and EGFR positive tissue distribution: (1) a tumor com-
partment was added, and (2) target site binding to EGFR was
incorporated for all relevant tissues.

2.2.1 | Addition of the Tumor Compartment

A tumor compartment was added to the model as an addi-
tional compartment within the lung. Its flow, tissue density,
and constitution were defined based on relevant literature
data to enable accurate simulation of drug distribution. The
tumor model included immune tumor deprivation (by reduc-
ing the cellular fraction of macrophages and type II cells);
unaltered tumor perfusion compared with the surrounding
lung tissue; and an acidic tumor environment (allowing a pH
shift of the extracellular water of the tumor from 7.4 to 6.7).
These NSCLC hallmarks have been described and verified
previously by Bartelink et al. [3]. Spherical tumor volumes
were calculated using the median baseline tumor diameters
of 12 NSCLC lesions in four patients, and the tumor volume
was established to be 3% of the entire lung volume [5]. Tumor
cells can aggregate into a dense tumor mass, resulting in a cell
density 1.7-fold higher than in healthy lung tissue, based on
analyses of HE stains (Appendix S6). The higher cell density
was incorporated into the model, using a virtual tumor vol-
ume (Table 1). Further details and all equations can be found
in Appendix S4 and S5.

2.2.2 | EGFR Target Site Binding

EGFR binding was incorporated for tissues with significant
EGFR expression (i.e., adipose, lung, lung tumor, kidney, heart,
muscle, pancreas, skin, gut, and liver), using a nonlinear EGFR-
binding model. The model incorporates the dynamics of extra
and intracellular tissue binding. Due to osimertinib's physico-
chemical properties, including its strong basic nature and high
lipophilicity (logD) interactions with (acidic phospho-) lipids
drive the majority of the tissue distribution and leave only a
small fraction available for target binding [3]. The interaction
of osimertinib with EGFR takes place within the intracellular
fluid of the cell, referred to in the model as intracellular water
(IW). Osimertinib may bind to ATPase covalently in a 1:1 ratio
[27]. Furthermore, only the fraction of the drug unbound to
EGFR could freely return from the IW compartment to the

TABLE1 | Tumor tissue, compound-specific input parameters.

Parameters Value Reference
EGFR (nM) 383 [23]
Mutation frequency in L858R/ 50% —
T790M Mutated NSCLC

PH,,, 6.7 [24]
Tumor blood flow compared to lung 3% [24]
Q?

Virtual tumor volume® 5% —
Cell density per gram 3x108 [25]
K,, WT EGFR (nM~*min~") 0.174 [26]
K, WT EGFR (min~) 162 [26]
K,, L858R/T790M mutated EGFR 0.186 [26]
(mM~*min~1)

K_; L858R/T790M mutated EGFR 10.2 [26]
(min~')

K1 rumor 50/50% WT/mutated 0.18 [26]
(MM *min~)

K it tumor 20/50% WT/mutated 86.1 [26]
(min™)

2The calculated tumor size based on tumor diameter was 3% of the lung, and
tumor blood flow was assumed to be 3% the lung blood flow.

bVirtual tumor volume is based on the tumor size compared to total lung volume
and a factor correcting for the higher cell density of tumors compared to lung.
Cell density in lung tumor tissue was estimated to be 1.7-fold higher than
healthy lung tissue (Appendix S6).

EW compartment and subsequently re-enter the bloodstream
(Figure 1B).

The binding prediction to osimertinib’s target relies on in vitro-
derived dissociation constants (K,), derived from the associa-
tion rate (K ) and dissociation rate (K ), of wild-type EGFR
and activating EGFR mutations (Table 1) [28]. The K values
are determined as a function of total concentrations in the
in vitro system, including cells and proteins for stabilization. In
the equation, dA prpoung FEPTESENES the rate of change in the
bound osimertinib with EGFR. The dynamics of this interaction
are captured in Equation (1):

dAEGFRbound — < Kon *Atissue % < EGFRtissue * Vtissue > >
@)

dt Vtissuery
+ fEGFR,

unbound — Koff * AEGFR

tissue

In the model the K, of wild-type EGFR was used for all healthy
tissues, whereas in tumor tissue, the K was split between 50%
of cells with a K ) of wild-type EGFR an 50% with a K ) of L858R/
T790M [27].

At therapeutic dose levels, EGFR may become saturated in
tissues expressing the EGFR target [29]. To account for EGFR-
binding saturation within the intracellular water, the fraction
of unbound EGFR (fEGFR, .., Equation (2)), decreases as a
function of both the amount of EGFR that has already bound
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osimertinib and the total number of EGFR in each tissue
(Figure 1B, Table 1; Appendix S5.2) [26].

@

A_EGFR,
fEGFRunbound =1- <_—bound>

A_EGFR

tissue

2.2.3 | Tissue EGFR Concentrations

Tissue EGFR concentrations were semi-quantified using a
previously reported method based on immunohistochemistry
(IHC) scores [30]. THC scores from the human protein atlas
(HPA) were linked to receptor density values (receptor/cell) re-
ported by [30, 31]. These receptor densities were then converted
into a total tissue concentration (nM) with Equation (3) with the
assumption that 10° cells occupy 1 uL of tissue:

Receptors 6
p 10 .cells Vi (uL)
Cell uL tissue
1 mole 1 9 ®
* * %10
6.022 % 10? receptors  Vigsue (1)

EGFR o (M) =

For tissues with THC scores of “Not Detected” according to the
HPA (e.g., brain, spleen), EGFR concentrations were considered
negligible and were excluded from the model.

2.3 | Model Verification
2.3.1 | Microdose PET Imaging Data

To ensure the accuracy and reliability, the developed target
site-PBPK model was verified with actual patient data. Semi-
quantification of PET-derived imaging data involved deter-
mining if there is a linear relationship between the arterial
sampled whole blood PK and the standardized uptake value
maximum (SUV__ ) of the PET image of the descending
aorta (Appendix S1, Figure SI1). A significant correlation of
0.98 was identified. The study detailing patient information,
tracer dose syntheses, blood PK-sampling, and both dynamic
and static scans, has been previously described [5]. Briefly,
patient enrollment involved obtaining written informed con-
sent for participation in the approved study (CCMO number
NL64722.031.18). Inclusion criteria involved patients experi-
encing disease progression on a first-generation EGFR-TKI
with an activating mutation (EGFR exon 19 deletion or exon
21 L858R). A 2-week wash-out period was observed prior to
the imaging.

Each patient underwent two imaging acquisitions; one while
receiving 1 week of therapeutic dosing of TKI and one without.
Following intravenous administration of a microdose [''C]C-
osimertinib (280 MBq, equivalent to 2.7 ug), four patients were
dynamically scanned twice, for 60 or 120min within a 2-week
window (the PET scan procedure is described in Appendix S7).
Patients were not receiving osimertinib treatment prior to both
scans. Each PET scan was accompanied by a low-dose com-
puted tomography (CT) scan for attenuation and segmentation
purposes. All PET image data underwent normalization, with
corrections applied for dead-time, decay, randoms, scatter,
and attenuation. Additional details regarding the scanning
protocol, reconstructions, and simplified measures of uptake

(Standardized Uptake Value, SUV) from the scans are provided
in the referenced publication [5].

Time-activity curves derived from the arterial and venous blood
and dynamic PET images of the descending aorta, lung, and
lung tumor were semi-quantified (Appendix S8) [5]. In addition
to the dynamic scans, three of the four patients also underwent a
whole-body static PET at 1 h after injection of ['!C]C-osimertinib.
Time-activity curves for brain, kidney, liver, lung, spleen, and
tumor at 60 min postinjection were semi-quantified based on tis-
sue to blood ratios (TBR) (Appendix S8) [5]. A correction factor
of 2.81 was employed to correct the SUV derived concentrations
in the lung for the air fraction [32]. This factor allowed an ade-
quate comparison of the PET observed with the target site-PBPK
model predicted lung tissue density [32].

2.3.2 | Therapeutic PK data

To further evaluate the differences in microdose and therapeu-
tic dose, predicted plasma concentration-time curves resulting
from an orally administered 80mg dose of osimertinib after
a single dose and at steady-state were verified against the ex-
tracted PK profiles from healthy volunteers in the phase 1 study
D5160C00001 [16]. Subjects in the Phase 1 study received a single
80mg oral dose (7 days) of osimertinib followed by daily dosing
for 22days, and plasma samples were collected at various time
points to construct concentration—-time profiles. Furthermore,
at steady state, target binding saturation was analyzed across
all EGFR-expressing tissues to determine the extent of receptor
occupancy.

2.3.3 | Statistics

The target site-PBPK model was verified using this empirical
data (4 patients) by adjusting parameters to align simulated
curves with observed profiles. This ensured the model accurately
reflected osimertinib's pharmacokinetics at the therapeutic dose,
confirming its reliability for predicting plasma concentrations
across different dosing regimens and enhancing its utility for
simulating clinical scenarios. The model's precision was con-
sidered adequate when the predicted plasma and tissue concen-
trations fell within 3-fold range of observed plasma and tissue
concentrations derived from the microdosed patients or mean
therapeutic PK data from literature. Despite general guidelines
typically describing a 2-fold range, developments in model ver-
ification support the acceptance of a 3-fold range considering a
small sample size and high inter- and intrapatient variability in
PK [24, 25, 33-35]. Observed plasma and tissue concentration
of osimertinib were evaluated by calculating a prediction error
(PE%) (Appendix S5.4) [36].

2.4 | Software

Model building was performed in R version 4.3.2 (2023-10-
31 ucrt, https://www.r-project.org/) using the Rstudio devel-
opment environment (version 2023.12.1) with the DeSolve
package (version 1.40). Data transformation was conducted
using the dplyr (version 1.1.4) and tidyverse (version 2.0.0)
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packages. Therapeutic PK data was extracted from literature
using WebPlotDigitizer version 4.6 (Ankit Rohatgi, https://
automeris.io/WebPlotDigitizer).

3 | Results
3.1 | Base model and target site adaptations

The adaptations to the base model—addition of a tumor com-
partment and incorporation of EGFR target site binding—are
demonstrated per tissue compartment in Appendix S9. These
adaptations led to significant improvements in the accuracy
of drug distribution predictions, particularly in the EGFR-rich
compartments (lung and tumor, Appendix S10 bottom plots).
At 60min postadministration, the prediction error for all com-
partments fell within the acceptable 2-fold range, except for the
liver (Table 2; Appendix S10). In contrast, the base model had

TABLE 2 | Prediction errors of osimertinib in multiple tissues at 6 min and 1h after microdose injection and 7 (corresponding with T

prediction errors exceeding threefold for the microdosed lung
and tumor compartments, highlighting the significance of these
adaptations for predicting target site PK, while the predictions
of the therapeutic plasma PK was not significantly affected by
the model adaptations (Appendix S10 top plots). The predictions
for organs with EGFR expression, for which we obtained PET
results, showed improvement.

3.2 | Model Verification

In total, four patients underwent two dynamic scans with
['IC]C-osimertinib. The two subsequent scans showed sim-
ilar tumor and tissue uptake, irrespective of whether a first
or second generation TKI was administered to steady-state
(Figure 2), suggesting that no relevant saturation of pharma-
cokinetic processes can be observed using PET by comparing
micro and steady-state TKI dosing. In the model verification,

)and 72h

max-

(corresponding with ~2 times the half-life) after therapeutic dose, for the base model and the adapted EGFR model. Orange PEs indicate a > 2-fold
prediction error (67%), but within 3-fold prediction error (100%). Red PEs indicate a prediction error outside the 3-fold window.

Time postinjection (hours) Dose Tissue PE base model (%) PE EGFR model (%) Contains EGFR
7 Therapeutic Vein 20.1 17.4 No
72 Therapeutic Vein 3.75 3.27 No
0.1 Micro Vein —8.55 -23.0 No
0.1 Micro Artery -9.00 12.5 No
0.1 Micro Lung Yes
0.1 Micro Tumor 8.51 Yes
1 Micro Lung -175 -113 Yes
1 Micro Brain -16.7 —-34.5 No
1 Micro Kidney -27.1 -6.21 Yes
1 Micro Spleen 4.39 —8.06 No
1 Micro Liver Yes
1 Micro Tumor —142 Yes
Abbreviation: PE, prediction error.
A B
Tumor Lung
~1.01 \ 1.01 \
= . .
=
£
5061 0.6
E . =
80.4' 0.41 .,"'\)
0.2 0.2 "
TKI - TKI + TKI - TKI +

FIGURE2 | (A)Resultsof [''C]C-osimertinib dynamic scans in tumor and lung, differentiated by the presence (TKI+) or absence (TKI-) of a first
or second generation TKI. (B) Representative PET/CT scan of a typical patient administered ['!C]C-osimertinib, with the tumor circled in red. Within

the tumor, depicted as a black hot spot, a white area is observed, which may correspond to necrotic tumor tissue [5].
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FIGURE3 | Predicted osimertinib tissue concentrations (black lines), observed tissue concentrations after the whole body static PET scan (n=3)
presented as mean with range (red circles) and after dynamic PET scan (red triangles) after a 2.7 ug IV micro dose (n=8). A 2- and 3-fold range in
predicted concentrations are depicted in dark gray and light gray, respectively.

data from both scans were pooled as concomitant therapeu-
tic TKI administration did not influence the uptake of ['!C]
C-osimertinib.

3.2.1 | Model Predictions Versus Microdose
Imaging Data

The model predicted the PK profiles of microdosed [''C]C-
osimertinib in all tissues, maintaining predictions within a 3-
fold margin (Figure 3, Table 2). Predicted concentrations were
highest in the liver and spleen (0.538 and 0.347 nM, respectively)
at 60min postdose, while lowest in the brain and tumor (0.07
and 0.02nM, respectively). This aligns with the PET image ob-
servations. Tumor-to-lung contrast was adequately predicted at
all timepoints (PE tumor-to-lung ratio at 6 min of —91.4% and
at 1 h 36.9%). Nonetheless, while both lung (98.1%) and tumor
(8.51%) predictions after immediately after dosing are accept-
able, the predicted concentrations for lung (—112%) after 60 min
is outside the accepted 3-fold range.

3.2.2 | Model Predictions Versus Therapeutic PK Data

The model's prediction following the administration of an
oral 80mg dose of osimertinib indicates a predicted time to
reach the maximum concentration in plasma (T,,,) of 8.8h,
aligning with the (Figure 4A,B) observed T, of 7h [37]. The
predicted C of 201 nM corresponds with the clinically
observed C . . of 168nM (PE of 45.5%, Table 2). The target
site-PBPK model predicts half-life of osimertinib to be 52.4h,
which is longer than the observed half-life in studies involving
NSCLC patients of 48 = 2h [38]. Since both half-lives are rela-
tively long, defined as more than 24 h, and the predicted half-
life falls within twofold of the observed half-life (8.76%) this
discrepancy is deemed clinically insignificant. Nevertheless,
the model effectively captures the concentrations up to 150h
following a single dose using Phase 1 data from NSCLC pa-
tients [16].

max,vein

At steady state, the percentage of EGFR bound varies across
tissues with a mean of 88% (SD=5.9), reflecting differences in
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state concentration (Cy .,

state in all EGFR-expressing organs.

EGFR saturation levels. These results show tissue-specific vari-
ability in target engagement (Figure 4C,D).

4 | Discussion

This study managed to improve the existing PBPK models of
osimertinib PK as shown by verification with data from patients
undergoing [1'C]C-osimertinib PET imaging in NSCLC patients
and therapeutic plasma PK data in healthy volunteers. The tar-
get site-PBPK-model provided a comprehensive description of
osimertinib concentrations in plasma and tissue, at both micro-
and therapeutic dosages, achieved by expanding two previously
published models and incorporating tumor dynamics and non-
linear EGFR-binding kinetics [3, 29].

The new target site-PBPK model effectively predicted blood
concentration at therapeutic doses by incorporating saturable
EGFR binding, thereby improving accuracy of tissue PXK pre-
dictions compared to models without EGFR binding. Microdose
studies in lung and lung tumor tissue demonstrated a rapid drug
distribution followed by a slower decline post-EGFR binding, a
characteristic of third-generation TKIs (e.g., osimertinib) known
for nonreversible EGFR binding and lower tumor K ;. compared
to wild type. Tissues showed two distribution phases: rapid de-
cline after reaching C,_, followed by a plateau, effectively mod-
eled by segregating EGFR-expressing tissues into extracellular
and EGFR-binding compartments. This approach, aligned with
previous successes integrating receptor binding kinetics into
PBPK models (e.g., PSMA ligand and high affinity drug targets
such a bosentan), allows reliable prediction of PK profiles, em-
phasizing the extent of distribution [39, 40]. However, the new
EGFR model did not significantly improve prediction errors in

) for all EGFR-expressing organs. (D) Log-tranformed total and EGFR-bound osimertinib amounts at therapeutic steady

the first minutes of drug distribution after bolus injection. This
suggests that the distribution dynamics captured by the model
at these early stages remain influenced by factors beyond the
EGFR-specific binding and tumor adaptations, such as rapid
blood tissue exchange or uncaptured initial drug distribution
kinetics. Furthermore, the prediction error of the lung slightly
exceeds the 3-fold error margin, potentially due to discrepancies
between the in vitro data from the Human Protein Atlas and
data derived from actual patients.

The new model explores factors influencing tumor uptake vari-
ability, particularly in relation to EGFR saturation. Simulations
revealed tissue-specific differences in EGFR saturation at steady
state, with all organs, including tumors, showing a target satu-
ration of > 75% at 80 mg osimertinib once daily. Further explora-
tion of variability between patients is a promising area for future
research, ultimately aiming for dose individualization based on
PBPK modeling.

The presented target site-PBPK model is to our knowledge the
first of its kind in incorporating nonlinear target binding kinet-
ics and NSCLC hallmarks in a whole body PBPX setting [41]. The
model provides insights into osimertinib distribution in healthy
and cancerous tissues after microdosing and therapeutic dosing.
As our PET images allow macroscopic evaluation of drug dis-
tribution in a small number of patients, this research allowed
assessment of EGFR target saturation on a population level.
When quantifying the variability in EGFR saturation levels,
these models may in future help to inform on personalized dos-
ing strategies. Individual target site-PK predictions may suggest
that for a patient with smaller EGFR-expressing tumors or lim-
ited EGFR density lower doses or dose frequencies could suffice,
whereas those with larger tumors, greater EGFR expression or

925



other activating mutations may require higher doses to achieve
adequate target engagement.

However, the binding affinity was derived from in vitro cellular
experiments, not adjusting for the fraction unbound entering the
intercellular water. This lack of adjustment may not necessarily
reflect the actual k| and kg in all our patients. Future in vitro
target association/dissociation experiments should focus on de-
termining concentrations in each cellular fraction and measure
actual target binding to EGFR.

Another study limitation is that although our target site-PBPK-
model effectively predicted target attainment post multiple
doses, it primarily focuses on single-dose plasma PK. To en-
hance predictions of steady-state concentrations, future itera-
tions should integrate feedback mechanisms associated with
EGFR binding, target inhibition, receptor internalization, and
tumor growth modeling [42]. Despite accounting for NSCLC
hallmarks like lysosomal sequestration, immune deprivation,
and tumor microenvironment acidity, optimizing our model
remains necessary, particularly to address the impact of tumor
growth and drug effect during treatment.

Additionally, while the model brain prediction falls well within
two-fold of observed concentrations at 60 min, the model cur-
rently assumes only passive diffusion across the blood-brain
barrier (BBB). Colclough et al. [43] demonstrated in vitro in
MDCK cells that osimertinib is a substrate for human BBB ef-
flux transporters (MDR1 (P-gp)/BRCP) with an efflux ratio of
3.2, limiting the brain uptake of this drug. This is supported by
osimertinib’'s unbound brain to unbound plasma (Kp,,) ratio
of 0.3 in rats [43], and its unbound cerebrospinal fluid to un-
bound plasma ratio of 0.16 in humans, indicating net efflux out
of the central nervous system in vivo. 70% of NSCLC patients
with EGFR mutations present with brain metastases during
the course of the disease, indicating the relevance of consider-
ing BBB permeability of osimertinib [44, 45]. Furthermore, the
ODIN-BM study showed expression in both healthy and brain
metastasis tissue indicating that osimertinib readily crosses the
BBB, although to different extents in various brain and brain
tumor regions [46]. Hence, incorporating active transport mech-
anisms at the BBB and the blood-tumor-barrier (BTB) is cru-
cial for refining brain permeability predictions over the entire
time range. However, as the brain pertains only < 5% of the total
quantity of the drug distribution, additional refinement is un-
likely to impact the full body PK.

Moreover, considering osimertinib’s extensive plasma protein
binding to albumin of approximately 95%, which significantly
prolongs its circulation time, our model focused solely on in-
trinsic unbound metabolic clearance, yet lacks information on
active metabolite (AZ5104 & AZ7550) interactions with EGFR
and albumin, critical for predicting steady-state drug levels [47].

To enable the application of target site model-based TKI dosing,
future research should focus on quantifying heterogeneity of
osimertinib target site concentrations, both within individual
tumors and across patients, at a microscopic and cellular scale.
This requires integrating individual PET image results with
EGFR expression data obtained from tumor biopsies to bet-
ter characterize inter- and intraindividual variability in EGFR

density. Additionally, microscopic PK-assessment techniques
(e.g., MALDI-MSI) could be employed to visualize whether the
drug distributes homogeneously throughout the tumor (biopsy)
and effectively engages all target receptors [12]. Expanding of
the current model to identify sanctuary tumor sites and incorpo-
rate spatial information on drug distribution is essential. More
advanced estimation methods, such as nonlinear mixed effect
modeling (NONMEM), can be utilized to predict PK heteroge-
neity and optimize personalized dosing strategies.

Our findings highlight the limitations of current models and em-
phasize the potential value of incorporating EGFR heterogeneity
to improve predictions of osimertinib distribution and target en-
gagement. Inter- and intraindividual variations in EGFR density
among patients and tumor influence drug accumulation in the
tumor. Conducting a sensitivity analysis can evaluate how these
variables impact drug predictions. Quantifying EGFR density
via histology alongside drug uptake measurements could en-
hance predictive models and may enable dose predictions for
achieving full target attainment.

5 | Conclusion

In conclusion, this study demonstrates the potential of the
mechanistic PBPK modeling approach to generate predictions of
osimertinib distribution across various tissues, within a reason-
able margin of error. By simulating both microdose and ther-
apeutic dose scenarios, the model facilitates the exploration of
systemic osimertinib pharmacokinetics. While promising for
understanding concentrations in on- and off-target tissues, this
target site-PBPK model is primarily intended for hypothesis gen-
eration due to limited available data. Future clinical PX studies
are planned to further validate the model. With the inclusion
of diverse drug-specific parameters, the new model may also be
used to predict target-tissue concentrations over time and evalu-
ate the viability of novel EGFR-TKIs.
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