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Antibody-based therapeutics has revolutionized disease treat-
ment, and recent advances in messenger RNA (mRNA) tech-
nologies have opened new opportunities for their intracellular
production. In particular, in vitro-transcribed mRNA encap-
sulated in lipid nanoparticles (LNPs) enables targeted delivery
to specific cells, where it can enable the synthesis of therapeutic
antibodies with prolonged half-lives in a cost-effective
manner. Despite rapidly growing experimental data, a
modeling framework that integrates mRNA delivery, intracel-
lular expression kinetics, and whole-body antibody disposi-
tion remains unavailable. To address this gap, we extended a
physiologically based pharmacokinetic model with a novel
multiscale layer describing mRNA trafficking, cellular uptake,
translation, and degradation. The integrated model was
calibrated and validated using five datasets of mRNA-based
cancer therapeutics, demonstrating strong predictive perfor-
mance for the biodistribution of mRNA-encoded antibodies.
The newly introduced mRNA layer, while minimally parame-
terized, effectively represents complex intracellular and
systemic processes, enabling quantitative investigation of
antibody biodistribution, optimization of dose scheduling,
and providing an initial framework for future exploration of
how LNP-mRNA formulation influences delivery and phar-
macokinetics.

INTRODUCTION

Monoclonal antibodies (mAbs) and bispecific antibodies (bsAbs)
have become central pillars of modern biologic therapeutics, with ap-
plications spanning autoimmune, infectious, and inflammatory dis-
eases as well as targeted cancer therapy.' > mAbs have demonstrated
remarkable clinical efficacy across diverse disease areas due to their
high antigen specificity and long systemic persistence.’ bsAbs further
expand these therapeutic capabilities by simultaneously engaging
two distinct antigens, enabling mechanisms such as enhanced target
selectivity or coordinated immune-cell recruitment.’

Despite their clinical potential, mAbs and bsAbs present significant
pharmacokinetic (PK) and manufacturing challenges, such as short
half-life, costly and complex production processes, and potential

immunogenicity.”” One approach to address some of these limita-
tions is based on messenger RNA (mRNA)-based therapeutics.
Following the unprecedented success of mRNA vaccines against co-
ronavirus disease 2019 (COVID-19), mRNA technologies have
rapidly advanced toward therapeutic applications, enabling the in
situ production of complex proteins directly within the patient’s
' mRNA constructs encoding antibodies, usually encap-
sulated in lipid nanoparticles (LNPs) to prevent degradation and
favor delivery, aim to generate functional mAbs or bsAbs endoge-
nously, potentially streamlining manufacturing through scalable nu-
cleic-acid production while improving PK control and tissue distri-
bution. Moreover, the gradual intracellular synthesis of the encoded

own cells.

antibody may mitigate immunogenicity relative to bolus administra-
tion of recombinant proteins. Among potential target tissues, liver
hepatocytes are particularly efficient in mRNA uptake and protein
expression, making them optimal cellular factories for the endoge-
nous production and systemic secretion of antibodies directed
against tumor-associated antigens.'>"> In the present study, we
therefore focus our analysis to conventional liver-tropic LNP formu-
lations, for which functional delivery is expected to be predomi-
nantly hepatocyte-driven.

Despite their remarkable therapeutic potential, the clinical applica-
bility of mRNA-LNP antibodies faces several challenges, mainly
arising from the limited knowledge of key intracellular biological
steps and how to tie them to macroscopic, often qualitative measure-
ments. "¢ For example, it is well documented that, in cells, the en-
dosomal escape of mRNAs is a rate-limiting step,'” but the impossi-
bility of gaining quantitative mRNA data from liver tissue in vivo and
having to rely exclusively on time series in plasma, makes it
extremely difficult to devise equations that are informative to such
small time scales. In parallel, the antibodies produced from these
constructs—ranging from mAbs to bsAbs—can differ greatly in
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terms of PKs, target engagement modalities, and clearance profiles,
complicating the development and optimization process.*”

This is where mathematical modeling becomes a powerful tool. Sup-
ported by the FDA’s latest guidelines on Model-Informed Drug
Development (MIDD),'® modeling approaches are increasingly
used to inform decision-making, especially for complex biologics
and novel modalities. Physiologically Based Pharmacokinetic
(PBPK) modeling remains a cornerstone for understanding antibody
disposition across tissues and species.'”>* While preliminary models
for mRNA-LNP dynamics have begun to emerge,”**’ they remain
limited in scope and lack integration with systemic PK models,
reducing their versatility for broader therapeutic applications. Even
our previous work, Fiandaca et al., which well describes the traf-
ficking from mRNA injection to blood samples, was validated on a
single mRNA formulation and antibody, and it does not account
for neonatal Fc receptor (FcRn) binding.*

To address this gap, we extended the PBPK model from Sepp et al.*’
with a novel LNP-mRNA layer to support the trafficking of mRNA-
encoded therapeutics in mice. The resulting multiscale model was
trained and validated on five preclinical datasets,”® >
different antibody formats (with molecular weight ranging from 55
to 150 kDa, and with or without the Fc region) and LNP formula-
tions, and it incorporates.

covering

o A phenomenological representation of LNP trafficking, cellular
uptake, endosomal processing, and translation of mRNA into
the encoded antibody.

o An established PBPK framework for antibody disposition, incor-
porating FcRn binding and the two-pore hypothesis, and adapted
to accommodate a broader range of mRNA-encoded therapeutics.

Overall, this integrative approach establishes a foundation for
modeling of mRNA-based antibody therapeutics, offering a frame-
work to explore delivery efficiency, expression kinetics, and systemic
distribution across preclinical settings.

RESULTS

Our work aims to develop a flexible, robust, and general-purpose
multiscale model capable of accurately predicting the PK dynamics
of therapeutic antibody concentrations following administration of
in vitro transcribed (IVT) mRNA formulations in mice.

In the introduction section, we present the model from Sepp et al.*’
and analyze its parameters, identifying the most sensitive terms to
further generalize the model and enhance its robustness across
different therapeutics.””

In this section, we introduced a novel LNP-mRNA layer to phenom-
enologically describe the biological processes that span from the
LNP-mRNA injection to the intracellular translation of the encoded
antibody. With a minimal number of additional parameters, this
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layer was integrated into the existing PBPK structure to obtain a mul-
tiscale model for mRNA-encoded therapeutics.

Finally, we calibrated and validated the model against five indepen-
dent datasets, demonstrating its reliability and versatility across a
wide range of therapeutic antibodies, mRNA constructs, and LNP
formulations.

Therapeutic trafficking model and analysis of key parameters

The antibody trafficking module of our model was developed
following the PBPK framework proposed by Sepp et al.”” and com-
prises 14 tissues, a Blood compartment, an additional Tumor
compartment for oncology applications, and an Other compartment
accounting for the remaining 2% of body volume and blood flow, as
shown in Figure 1. Each tissue is divided into vascular, interstitial,
and endosomal sub-compartments. The uptake of antibodies (Abs)
is governed by the two-pore hypothesis introduced in Rippe
et al.,” which accounts for size-dependent transcapillary exchange.

The PBPK model by Sepp et al.”” was selected as the foundation for
this work because it provides a unified, two-pore platform capable of
describing the disposition of proteins of different sizes, from small
domain antibodies to full IgG molecules. Unlike earlier models
that treated lymphatic flow and permeability parameters indepen-
dently,'***** Sepp et al.*’ introduced a mechanistically consistent
relationship between organ-specific lymph flow and permeability-
surface area products, reducing over-parameterization and
improving physiological realism. The model integrates endosomal
FcRn-mediated recycling, allowing the simulation of both antibodies
with and without Fc regions, and was evaluated across mice and rats
using extensive tissue-distribution datasets. Moreover, Sepp et al.””
compared multiple physiological parameter sets and identified those
that best captured tissue-specific kinetics, ensuring robust cross-spe-
cies applicability.

Before modifying the model structure by introducing the LNP-
mRNA layer, we first ensured that the PBPK framework remained
versatile across diverse therapeutic products. To this end, we re-
viewed all drug-dependent parameters of the original PBPK
model—listed below and shown in Figure 1—and subsequently per-
formed a global sensitivity analysis, informed by literature-based
ranges, to determine which of them exerted the strongest influence
on the model output.

e Molecular weight (MW) of the protein, used to compute perme-
ability-related parameters via the two-pore model.

e Protein degradation rate (k4), controlling the main elimination
pathway occurring in the endosomal space of each tissue.

e Non-specific protein pinocytotic uptake rate (k,p), determining
transport from the vascular to the endosomal space in each tissue.

e FcRn binding and recycling rate constants (kg,kec). These param-
eters define the fraction of antibody that binds FcRn and is re-
cycled back into circulation; both are set to zero for proteins lack-
ing Fc-binding domains.
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Figure 1. Representation of the PBPK model
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The left image illustrates the whole-body organization, where each compartment represents a specific tissue or organ connected by arterial, venous, and lymphatic blood
flows. The right image shows the generic organ-level structure, including vascular, interstitial, and endosomal spaces, and key mechanisms such as filtration, diffusion, FcRn
binding, and clearance. Created in BioRender. Marchetti, L. (2026) https://BioRender.com/9lgli1o.

e Scaling factor adjusting the effective interstitial space across tis-
sues (I,q), accounting for steric and electrostatic effects related
to antibody size and charge.

The two-pore model automatically adjusts permeability-related pa-
rameters based on the MW.

We computed a global Sobol” sensitivity analysis® on the remaining
parameters to test their impact on the PBPK model output using
Sepp et al. blood time series results” (Figure 2). The pinocytosis
parameter kup, with high first- and total-order Sobol” indices, exhibited
by far the strongest impact on the model dynamics. Among the remain-
ing parameters, kq was the only one showing a noticeable contribution
to the model output, with its effect arising mainly through parameter
interactions rather than first-order effects. It is worth noting that k4
and k. are both directly related to FcRn binding and, together with
kg were considered a priori to be irrelevant when the Fc domain is
absent, based on the established FcRn-mediated recycling and protec-
tion from degradation of Fc-containing antibodies.””***° Based on
these findings, ke, and k.. were fixed, whereas k,,, and ks—the most
protein-specific parameters—were retained as adjustable parameters

during calibration. Several studies emphasize the importance of ky,
(sometimes named CLy) and kg4 (or their equivalents) in shaping PK
profiles.”***”~** Both values need to take into account protein- and
subject-dependent properties, such as changes in pH for FcRn binding
and molecular charge for the pinocytosis. Since our model aims to cap-
ture a wide range of Abs, both parameters were fitted using broad in-
tervals derived from the minimum and maximum values reported in
the literature (see materials and methods).

The adjustment of interstitial space I,4; was first proposed by Wiig
et al.*' and later adopted by Sepp et al.”’, who showed that protein
size and charge can reduce the effective interstitial space by up to
50%, due to steric and electrostatic effects within the interstitium.
Since Sepp et al.”” reported modest akaike information criterion
(AIC) improvements (a relative variation of 0.2%) from halving
interstitial volumes, we found this modification unjustified as a gen-
eral rule. However, additional PK simulations using data from Li and
Shah?’ (see Figure S1) showed improved fits for some larger proteins
when this adjustment was applied.”” Based on these findings and
on the lack of knowledge regarding most antibody charges, we
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Figure 2. Sensitivity analysis results
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introduced a calibration factor (I,4;€[0.5,1]), following the input
from Sepp et al.,”” for recombinant proteins with molecular weights
>100 kDa.

Integration of an LNP-mRNA trafficking and translation layer
Our original contribution to the PBPK model structure is the inte-
gration of a phenomenological layer that describes all the processes
occurring from LNP-mRNA administration to antibody synthesis.
These include LNP-encapsulated mRNA trafficking, hepatic uptake,
translation, and degradation. A schematic representation of this new
model component is shown in Figure 3. The additional layer consists
of three main compartments: (1) blood, (2) hepatocyte cells within
the interstitial space of the liver, and (3) a lumped other organs
compartment encompassing all non-hepatic tissues. The mathemat-
ical formulation of this layer is reported in Equations 1-6, and its
structure is described in the following.

d(LNP
Vbl% = — ktransferLNPblVbl — kchainLNPblVbl
+ kchainLNpgjc) Vou7
(Equation 1)
d(LNPY .
VO"% = kchainLNPhl Vhl - kchainLNP‘()? VHO’ (Equatlon 2)
a(xp) -
00 dt = kchainLNP(()o I)Vao —_ kchainLNng Vaa Vl

=3,...,N° — 1,
(Equation 3)

a(LNPLY)

Voo dt = kchain LNPL(,I;]C - Voo — kchain LNPL(,I:C) Voo,

(Equation 4)
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nepd(MRNA)

m he,
Vli dt = transferFRescapeLNPhl Vi — kngg{NAmRNAli V],' Pa
(Equation 5)
. d(Drugl
Vltzn% = KiranslateMRNA; VZeP

+ Ab trafficking terms from Sepp et al.(2019).
(Equation 6)

After intravenous (i.v.) injection, LNP-encapsulated mRNA enters
the bloodstream. From there, it can circulate throughout the other
organs or be taken up by the liver. The circulation throughout the
other organs is modeled using a chain of compartments
(Equations 2-4). Fluxes among the chain compartments are modeled
as first-order reactions, parameterized by a common rate kgp,in. The
number of compartments (N°) is variable and reflects the complexity
and variability of LNP trafficking through the body. This trafficking
process was introduced to mimic the biphasic profile consistent with
both experimental data and literature reports.'* By approximating a
delay differential equation, our transit compartment model repro-
duces this behavior as a simplified alternative to a full PBPK model
for LNPs. The goal is to avoid unnecessarily complex model struc-
tures by selecting, for each drug, the minimum number of compart-
ments that adequately capture the observed data (details on the im-
plementation in materials and methods).

Importantly, this compartment chain is not intended to represent re-
entry of internalized LNPs into the systemic circulation as intact
particles. Rather, it provides a phenomenological description of
vascular transit and delayed distribution, including repeated passage
through the circulation and reversible distribution between blood
and tissue-associated spaces prior to irreversible cellular uptake.
This simplification is motivated by the fact that early LNP PKs
are strongly influenced by formulation-dependent properties,



www.moleculartherapy.org

Figure 3. Representation of the novel LNP-mRNA
layer

Schematic representation of the novel LNP-mRNA layer
integrated into the PBPK model. The layer captures the
trafficking of lipid nanoparticles (LNPs), intracellular
mRNA release, translation into encoded antibodies, and
subsequent secretion into systemic circulation. Created
in BioRender. Marchetti, L. (2026) https://BioRender.
com/2esofom
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Calibration and validation across multiple
mRNA-encoded antibody datasets

The model was calibrated and validated using
datasets describing the concentration-time

profiles of five mRNA-encoded antibodies:
B7H3 x CD3 Bispecific T cell Engager, Ribo-
Mab02.1, XA-1, pembrolizumab, and trastuzu-
mab (see Table 2). For each molecule, the model
was fitted using both recombinant and mRNA-
derived data, yielding simulated profiles that
closely reproduced the observed time courses

particularly polyethylene glycol (PEG)-lipid composition and desorp-
tion behavior, which affect circulation time and biodistribution.****

During this process, a fraction of LNPs is redirected to the liver at
each passage, thereby ensuring progressive accumulation in hepa-
tocytes. This second pathway is governed by the rate kyapsfe;and
accounts for both the transfer of LNPs to the liver and the subse-
quent endosomal escape of mRNA (Equation 5). The parameter
FRescape defines the fraction of mRNA successfully released into
the cytosol, representing the endosomal escape bottleneck that re-
mains a major challenge in mRNA-LNP therapeutics.**

Once released, mRNA degrades with a first-order rate constant
kg‘e?NA (fixed from the literature, see Table 1), while the remaining
transcripts are translated into the therapeutic antibody through a
reaction that combines translation and exocytosis into a single
term governed by kyansate (Equation 6). The resulting proteins
enter systemic circulation, beginning from the liver interstitial
space, and follow PBPK-based transport equations throughout
the body.

In the Equations 1-6, LNPy,, LNP((,Q, mRNA;, and Drugff‘ represent,
respectively, the LNP concentrations in the blood and in the i-th
compartment of other organs, the mRNA concentration in the liver,
and the drug concentration in the liver. The constant parameters

(Figure 4). The two-step training procedure
described in materials and methods was applied
independently to all datasets, yielding consistent parameter estimates
across therapeutics (Table 3). Given the phenomenological nature of
the new layer and the limited knowledge of LNP-mRNA movements
and reactions, precise ranges for the parameters Kchain, Kiransfer» and
Ktranslate are not yet established. For this reason, an identifiability anal-
ysis was performed prior to calibration on the mRNA-related param-
eters as outlined in materials and methods, resulting in local structural
identifiability. This result should nevertheless be interpreted with
caution, as it applies only locally to the phenomenological layer. Since
the analysis was performed without imposing bounded parameter
ranges, additional data or more specific biological constraints may
further refine the parameterization and improve its biological interpre-
tation. To further assess parameter robustness under the available data
conditions, 95% confidence intervals for the fitted parameters are re-
ported in Table S1. By separating the training process, we minimized
dependencies between drug-specific and mRNA-specific parameters.

Model calibration was performed using single-dose data, whereas
validation was executed against independent dose levels or
multidose regimens. The time series of recombinant Abs and their
mRNA-encoded counterparts (left, Figure 4) showed clear
and consistent kinetic differences, with the latter exhibiting
prolonged circulation times and delayed peaks, in agreement
with their expected intracellular production and secretion
dynamics.
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Table 1. Parameters used in Equations 1-6 of the mRNA-LNP layer

Value
Parameter Description (unit)  Formula Source
0.379 Sepp
Vi blood volume (mL) - et al?’
B R 25.68 Shah
Voo other organs” volume (mL) Dorgrtiverblood Vorg oy o122
i A " 0.385 Sepp
mn — -
\4 liver interstitial volume (mL) ctal”
Shah
hep 0.861 el etal”
Vh.L hepatocyte volume (mL) 0.7-Viee, Miyaoka
etal®
FR fraction of LNP reaching the 0.02 Liu
scape cytosol (=) et al.™
mRNA mRNA degradation rate in ~ 0.0693 Yang
Kieg liver amy @/ e etal®
number of tranﬁnt fitted -
NC compartments in other ) - T'able 3
organs
Konain transit rate for the chain of  fitted B Table 3
compartments (1/h)
LNP transfer rate from fitted
- - Table 3
transfer blood to hepatocyte cells (1/h) e
k efficacy rate for mRNA- fitted Table 3
translate encoded Ab translation (1/h) :

Fixed physiological values were obtained from literature, while fitted parameters were
estimated from experimental data as reported in Table 2. When applicable, correspond-
ing formulae and data sources are indicated.

In the validation plots (right, Figure 4), inter-subject variability
was represented through percentile bands derived from Monte
Carlo simulations, where selected parameters were perturbed
around their calibrated values (details
methods). The shaded areas encompass most experimental obser-
vations, indicating that the estimated uncertainty adequately re-
flects the observed data dispersion. The accuracy of the simula-
tions in reproducing the experimental data was assessed using
the mean absolute average fold error (AAFE), which quantifies

in materials and

Table 2. Dataset and molecular properties of mRNA-encoded antibodies

mRNA-encoded antibody  Type (targeting MW FcRn

name sites) (kDa)  binding  Reference

B7H3xCD3 bispecific BsAb 55 NO Huang

T cell engager (B7H3xCD3) et al.”®

. BsAb Stadler

RiboMab02.1 (CD3xCLDN6) 100 NO etal?®
BsAb (PD- 30

XA-1 150 NO Wu et al.”
L1xPD-1) neta

Pembrolizumab IgG (anti-PD-1) 150 YES Wu et al.””
IgG (anti- Rybakova

Trastuzumab HER?) 150 YES etal

Summary of mRNA-encoded therapeutic antibodies used for model training and vali-
dation, including their molecular characteristics and FcRn binding status.
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the agreement between predicted and observed values (all values
in Table S2).

Overall, the AAFE across datasets was 1.44 for recombinant antibody
fitting, 1.36 for mRNA-encoded fitting, and 1.27 for validation, indi-
cating deviations typically below 2-fold. Across mRNA-encoded
antibody calibrations, residuals were within or near the experimental
uncertainty, and Bayesian information criterion (BIC) values
confirmed that the model achieved an appropriate trade-off between
model complexity and fit quality.

DISCUSSION

In this work, we developed an integrative PBPK modeling frame-
work for mRNA-encoded therapeutic antibodies in mice. The
model builds on the well-established antibody trafficking model
by Sepp et al.”” and extends it with a phenomenological LNP-
mRNA trafficking layer describing its uptake, intracellular
translation, and degradation. The physiological structure of
the original PBPK model to describe the antibody circulation was
retained, while key drug-specific parameters (kyp.kalaq) were
re-estimated for each antibody alongside the parameters of
the phenomenological layer describing the LNP-mRNA trafficking
(Kchains  KtransferKiransiate).  The adopted two-step calibration
approach relies on the assumption that the recombinant and
mRNA-encoded versions of each therapeutic are either identical
or differ only in ways that are negligible for protein trafficking.
The parsimonious multiscale framework was calibrated and vali-
dated on five datasets spanning recombinant and mRNA-encoded
antibodies with diverse molecular weights, Fc properties, and LNP
formulations, demonstrating robust predictive performance.

Our group recently developed an mRNA trafficking model*® coupled
with the PBPK model introduced by Li and Shah.*® For the present
work, we instead adopted PBPK model of Sepp et al.*” as it incorpo-
rates antibody recycling via FcRn binding, thereby enabling more ac-
curate modeling of Fc-containing Abs and supporting the use of a
broader range of datasets for model training and validation. Further-
more, our previous effort’® assumed direct hepatic delivery of LNPs,
while the current model emphasizes extravasation and redistribution
prior to liver uptake, drawing inspiration from data analysis and the
insights provided by Zhou et al.'* To describe such biological in-
sights, we introduced a chain-compartment model in which both
the number of compartments (N°) and the rate constant (kgpain)
determine the effective delay associated with LNP movement
through peripheral tissues before re-entering the plasma circulation.
To further support the need for a circulation-related delay in the
model, we fitted the mRNA-related parameters under the assump-
tion of no transit compartment, i.e., by setting kcpain = 0 h~'. The re-
sulting fits, shown in Figure S2, clearly demonstrate that the model
fails to capture the PKs of the mRNA-encoded therapeutic in the
absence of this delay mechanism. Although the transit-compartment
chain improves the description of the early biphasic profiles, its inter-
pretation remains phenomenological. In the present framework,
kchain and N° should not be interpreted as direct surrogates of specific
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Figure 4. Calibration and validation results for the
five therapeutics

The names in vertical refer to the five therapeutics
described in Table 2. Left image show calibration time
series for recombinant antibodies (orange curves) and
their mMRNA-encoded counterparts (blue curves), using
single-dose PK data. Right image show validation results
for mRNA-encoded antibodies, where shaded bands
represent the 10th, 25th, 75th, and 90th percentiles
generated through Monte Carlo simulations. All dosages
are intravenously injected. Training doses (left): (A) Re-
combinant: 6 mg/kg, mMRNA-encoded: 1.5 mg/kg mRNA
(LNP); (C) Recombinant: 2.5 mg/kg, mRNA-encoded:
1.25 mg/kg mRNA (LNP); (E) Recombinant: 10 mg/kg,
mRNA-encoded: 2 mg/kg mRNA (LNP); (G)
Recombinant: 10 mg/kg, mRNA-encoded: 2 mg/kg
mRNA (LNP); () Recombinant: 8 mg/kg, mRNA-
encoded: 2 mg/kg mRNA (LNP). Validation doses
(right): (B) 0.5 mg/kg, 1 mg/kg, and 2 mg/kg (single
administrations); (D) 0.4 mg/kg and 1.25 mg/kg (five-
dose regimen, every 7 days); (F) 2 mg/kg (three-dose
regimen, every 28 days); (H) 2 mg/kg, (three-dose
regimen, every 30 days); (J) 0.5 mg/kg, 1 mg/kg,
2 mg/kg (single administrations).

cally more difficult to formalize than that of
continuous parameters. Nevertheless, under
the adopted BIC""-based selection procedure
(details in materials and methods), each prod-
uct showed a well-defined optimum, support-
ing the practical usefulness of the selected N°
values within the current phenomenological
framework.

The variation of kchuin» ktmnsfer and ktmnslate
across products likely reflects formulation-
dependent differences in delivery and expres-
sion behavior. In the present framework, all
three parameters should be interpreted as
lumped effective descriptors rather than as
direct physicochemical correlates of specific
LNP properties. More specifically, k.qin cap-
tures early redistribution and circulation delay,
Kiransfer captures productive liver-directed de-
livery, and Kygugae captures downstream
expression processes, including translation
and secretion.

Despite recent efforts to develop PBPK models
focused on LNP trafﬁcking,z‘l’25 we believe that,
given the current state of experimental data
and biological understanding, a more parsimo-

nious modeling strategy may be better suited to reliably capture
mRNA-encoded therapeutic PKs. At present, the available data
and biological knowledge are still insufficient to robustly support
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Table 3. Fitted parameters for each dataset

Parameter ~ Huang Stadlerm Wu Rybakova
(unit) (2023)**  (2024)*° (2021)°  Wu (2022)""  (2019)*
Kup(1/h) 11.88 10.46 0.1107  0.2193 0.07104
ka(M) - - - 6.978 x 10°° 4.771 x 10°
Lgi(—) - - 0.5 1 0.5

N(=) 6 2 4 4 6

Kehain(1/h)  0.2305 0.03985 0.01937  0.02808 0.08446
Keranster ™ 0.1257 0.1876 0.01390  0.03421 0.09494
Keransiare ™ 106.22 534.6 61.30 5238 23.02

The parameters were estimated individually for each study based on single-dose plasma
kinetics. Boxes marked with “-~” indicate that the parameter did not require fitting for
that drug. When not fitted, I,4; is set to 1 and kg to 0 M.

highly detailed model representations involving numerous uncertain
parameters, such as organ-specific LNP uptake rates. Moreover, the
available literature data are largely restricted to plasma concentra-
tion-time profiles, with little or no tissue-resolved information on
intracellular mRNA kinetics or LNP biodistribution. Such measure-
ments would be essential to support more mechanistic and better-
constrained model formulations in future studies. In this context, a
key strength of our approach is its ability to reproduce diverse data-
sets using a minimal and effective structure, thereby limiting overfit-
ting and reducing reliance on poorly constrained assumptions.

In the present model, FR,cqp. and kdmegNA were fixed across datasets to
limit the degrees of freedom introduced by the novel mRNA-related
layer, given the limited data currently available. We acknowledge
that this is a simplification, as both processes may depend on formu-
lation-specific properties of the mRNA-LNP product. To reduce the
uncertainty associated with this assumption, we restricted the anal-
ysis to datasets based on relatively similar conventional LNP formu-
lations, and kg‘egNA was included among the perturbed parameters
used to generate the variability bands shown in the validation plots.
More informative measurements of LNP and intracellular mRNA
dynamics will be needed to estimate these parameters in a prod-
uct-specific manner in future model extensions. At the same time,
this phenomenological representation may limit the direct translat-
ability of the model across species and could necessitate structural re-
finements to achieve reliable predictions in clinical settings. Our
group is currently working on a more mechanistic—even though still
parsimonious in nature—translational layer, leveraging qualitative
information about the LNP’s fate and adapting it to different preclin-
ical animal species.

In the present framework, hepatocytes were considered the domi-
nant site of antibody production, consistent with the biology of
conventional liver-tropic LNPs. For standard ionizable formula-
tions, apolipoprotein E (ApoE)-mediated uptake and the hepatic
microenvironment favor functional delivery to hepatocytes,
whereas uptake by other hepatic or extrahepatic cell types does
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not necessarily translate into equally relevant protein secretion.
Accordingly, for the datasets analyzed here, we considered a hepa-
tocyte-driven production term to be the most biologically appro-
priate representation.”’*° Future extensions may nevertheless
evaluate explicit non-hepatic production compartments when tis-
sue-resolved expression data become available or when considering
formulations with broader tropism.
Despite our efforts to make the Sepp et al.”” model versatile for an-
tibodies of different sizes, we observed a loss of accuracy in reproduc-
ing the terminal data points for the smaller recombinant therapeutics
(Figures 4A-4C). The two curves yielded AAFE values of 1.64 and
1.87, respectively—still adequate but higher than the average value
of 1.2 observed for the other three recombinant therapeutics. This
behavior also corresponds to the estimated kuPNIOh_1 in both cases
(Table 3), which, while within plausible limits, remains higher than
the average reported in the literature.

In the case of the B7H3xCD3 Bispecific T cell Engager, a relatively
high AAFE of 1.78 was also obtained for the mRNA-encoded anti-
body (Figure 4A), likely due to the accentuated biphasic behavior
observed in the data. The same trend is reflected in the fitted param-
eter values (Table 3), where both the number of compartments N°
and the rate k., are elevated. This slight loss of accuracy results
from our effort to balance model complexity and predictive perfor-
mance, as quantified by the modified BIC, BIC™", which led to the
selection of a shorter compartment chain (details in materials and
methods).

For the remaining mRNA-encoded therapeutics, the model accu-
rately reproduced the dynamics: RiboMab02.1 (Figure 4C) and tras-
tuzumab (Figure 4I) achieved AAFEs of 1.15 and 1.06, respectively,
while XA-1 (Figure 4E) and pembrolizumab (Figure 4G) maintained
AAFEs of 1.42 and 1.37. The latter two values can still be considered
highly accurate, given the relatively high experimental uncertainty—
particularly for pembrolizumab—and despite the statistical measure
not explicitly accounting for it, all fitted simulations remained within
or near the experimental standard deviation. The estimate of the
mRNA translation efficacy k;,qnsare might seem high, but it is consis-
tent with the values suggested by previous PK models.**** During
validation, all therapeutics—except RiboMab02.1 (Figure 4D)—
achieved validation AAFE values between 1.1 and 1.25. The case of
RiboMab02.1, together with Figures 4B-4], illustrates that the
model’s predictive performance can still improve under dosage
variations.

The XA-1 and pembrolizumab validation plots (Figures 4F-4H),
both corresponding to multidose regimens, reveal distinct behaviors
in the response to repeated administrations. Although the model re-
produces both datasets well, it slightly overestimates the experi-
mental data in Figure 4F and underestimates them in Figure 4H, sug-
gesting possible differences in immunogenic response related to the
product, such as accelerated blood clearance (ABC) observed for
several lipid-based delivery vehicles, the experimental subjects, or
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both.”">* From a modeling perspective, this phenomenon could be
represented through an additional component regulated by anti-
PEG antibodies.”> > Such an extension could improve predictive
performance in multidose regimens by allowing effective clearance
to vary across repeated administrations, thereby capturing im-
mune-driven nonlinearities that are beyond the scope of a purely
linear framework. Since the datasets considered here do not include
direct measurements of anti-PEG antibodies or related immune bio-
markers, we leave ABC-based formulations as an important future
extension of the model.

Exploring the many papers and datasets available in the literature, we
carefully selected those that fulfilled key criteria: a well-sampled and
consistent time series for both recombinant and mRNA-encoded
therapeutics, and a description of critical drug and mRNA-LNP
properties (see Table 2). In addition to the adopted datasets, two
further studies were considered.”>”” Despite their promising results,
the study by Stadler et al.*® employed a lipid-based formulation that
differs from conventional LNPs and reported only a single time se-
ries, limiting its applicability. Meanwhile, the study by Béhr-Mah-
mud et al.”’, while demonstrating stable systemic exposure in animal
models, provided PK data with limited temporal resolution and sam-
ple size, reporting only a few plasma time points with group-average
concentrations. Consequently, despite the significance of their find-
ings, these limitations precluded the robust parameter identification
required for PBPK model calibration, and their dataset was therefore
respectfully excluded from our analysis. It is also important to note
that the data in Wu et al.3*' includes extensive datasets—covering
both single- and multi-dose treatments—but individual data points
often exhibit considerable variability, and some inconsistencies are
evident across plots. We found it necessary to exclude one dosage-
related plot (Figure 2A in Wu et al.’") because the initial value at
the highest dose was nearly three times higher than in the following
two plots (Figures 2B and 3 in Wu et al.’"), despite identical dosage
and time point, raising concerns about data reliability.

Even with this stringent selection, challenges emerged when vali-
dating dose-response curves. As noted earlier, datasets showed slight
over- or under-predictions, which may reflect variability in mice or
could suggest saturation effects and immune-driven responses, often
without a consistent underlying pattern. One experiment from Wu
et al.’® was also excluded from the validation, as it displayed pro-
nounced non-linear variations across doses that could not be
captured within the current model formulation. Nevertheless,
despite its deliberately simple structure, our model was able to repro-
duce observations across substantial ranges of therapeutics (see vali-
dation plots: Figure 4, right).

Rather than constituting model failures, these discrepancies high-
light important limitations of the present framework and point to
the need to investigate and integrate more detailed mechanisms of
immune activation and dose-dependent non-linearities, which could
ultimately enhance the predictive power of PBPK approaches for
mRNA-encoded therapeutics. Thus, while some datasets challenge

the current framework, they also provide valuable guidance for the
next generation of models.

Our review of the available literature also revealed that most mRNA-
encoded therapeutic studies to date have focused on oncology appli-
cations, with only a few examples targeting other diseases, such as
Chikungunya virus infection.”>” Although the structure of our
model is broadly applicable and could, in principle, be adapted to
non-oncological contexts, the predominant availability of cancer-
related data guided our decision to focus the present analysis and
simulations on mRNA-encoded therapeutics for cancer. Nonethe-
less, extending this framework to additional disease contexts remains
an active area of work in our group, supported by the increasing

availability of diverse experimental data.*’

Future developments will aim to take advantage of the rapidly ex-
panding amount of experimental data on mRNA-LNP therapeutics
to progressively refine the present framework. In particular, our
group is working toward the integration of more mechanistic repre-
sentations of intracellular processes and immune responses, poten-
tially through pharmacodynamic or quantitative systems pharma-
cology extensions. These additions would enable the model to
capture product-specific mechanisms, such as target engagement,
immune activation, and translation efficiency, while maintaining
the physiological interpretability of the PBPK structure. Progress to-
ward a more mechanistic description of LNP trafficking will depend
on the generation of shared experimental measurements that directly
relate formulation features to biological observables. In future model
extensions, this may enable replacement or integration of the current
transit-compartment representation with explicit physiological pro-
cesses, such as organ-specific vascular exchange, lymphatic drainage,
and tissue-specific uptake pathways. In the long term, such mecha-
nistic enrichment may support the development of ad hoc models
for different therapeutic products and ultimately pave the way for
model-informed strategies toward personalized mRNA therapeutics,
where dosing, formulation, and expression kinetics can be optimized
on an individual basis.

While the current framework was developed primarily for hepatic
delivery of mRNA-LNP therapeutics, where hepatocytes act as the
main sites of uptake and translation, alternative administration
routes such as intramuscular (i.m.) and subcutaneous (s.c.) are
increasingly relevant for clinical applications. These routes typically
promote more localized effects and can prolong mRNA and LNP sta-
bility at the injection site, influencing both absorption kinetics and
systemic exposure.” Future work will focus on extending the model
to incorporate these administration routes, particularly i.m. delivery,
given that several i.m.-administered mRNA-LNP therapeutics have
already received FDA approval."*

In parallel, the adopted PBPK framework—by retaining its mecha-
nistic structure—preserves an intrinsic ability for interspecies rescal-

ing.”»*”°! Ongoing efforts in our group aim to exploit this property
to enable translation across preclinical species and eventually to
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humans, supporting the development of predictive tools capable of
optimizing therapeutic kinetics and guiding the design of individu-
alized mRNA treatment strategies.

In summary, this study establishes a PBPK framework grounded in
physiological principles and extended with a parsimonious LNP-
mRNA layer capable of capturing the key PK features of mRNA-en-
coded antibody therapeutics. The model was successfully validated
across five independent antibodies, demonstrating its robustness
and versatility in reproducing diverse PK behaviors. By integrating
this minimal, phenomenological layer within an established physio-
logical model, our work provides a flexible platform for quantitative
exploration and design optimization of emerging mRNA-based ther-
apies. As the field continues to evolve, such integrative modeling ap-
proaches will be instrumental in advancing model-informed devel-
opment and accelerating the clinical translation of next-generation
mRNA therapeutics.

MATERIALS AND METHODS

Data

To develop our model, we used a broad set of publicly available PK
data from the literature on mRNA-encoded therapeutics in mice.
The five antibodies analyzed differ in several biological aspects,
most notably in molecular weight and their affinity for the Fc recep-
tor. Both features are crucial for understanding trafficking dynamics:
molecular weight influences organ uptake, while the presence of the
Fc region can significantly impact the protein’s half-life. In addition,
mRNA and LNP formulations can affect the efficiency of antibody
translation and influence aspects of trafficking. Therefore, it is
important to characterize each therapeutic product and its key prop-
erties. A summary of the therapeutics used in this study, along with
their relevant characteristics, is provided in Table 2. Data were ex-
tracted from the published studies either directly from tables or,
when necessary, digitized from graphical representations, and then
converted into consistent units before model calibration. Because
the datasets originated from independent studies, differences in
experimental design, sampling schedules, and bioanalytical methods
may also contribute to inter-study variability.

All dosages were adjusted for a 28 g mouse, consistent with the phys-
iological parameters used in the original PBPK model.”” Specifically,
for each experiment, we identified the weight w and dosage d and
simulated the model using a dose normalized as follows:
drermaized — g o Iw, where wo = 28g.

Calibration and validation methods

Since each of the selected studies in the data section provides PK data
for both recombinant and mRNA-encoded versions of the same anti-
body, we performed model training in two sequential steps for each
therapeutic. In the first step, we calibrated the drug-dependent pa-
rameters of the PBPK antibody layer using the recombinant antibody
PK data. Specifically, we estimated k,, and, when required by the
molecular properties of the therapeutic, also k; and I,4. The param-
eters estimated for each dataset are summarized in Table 3, while
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boxes marked with “-” indicate parameters that were kept fixed.
As already mentioned in results, these parameter calibration ranges
are derived from their minimum and maximum literature values,
and, similarly for sensitivity analysis purposes only, we defined anal-
ogous ranges for the remaining therapeutic key parameters k.. and

Kaeq (see Tables S3, 54, and S5 for details).

In the second step, the parameters estimated from the recombinant
antibody data were fixed, and the mRNA-encoded antibody PK data
were used to calibrate the mRNA-LNP layer. More specifically, for
each product we first estimated the mRNA-related parameters ki
KiransfersKiransiate Using at least one mRNA-encoded time series per
therapeutic (see Table S3 for details) and then determined the length
of the transit-compartment chain, as further detailed in the next sub-
section. This sequential strategy was adopted to separate protein-
specific PK features from mRNA-LNP-specific delivery and expres-
sion processes.

All validation plots display the inter-subject variability of the result-
ing time series as percentile bands. Variability was assessed through a
Monte Carlo analysis comprising 10,000 simulations, each per-
formed with perturbations of the following model parameters: k,,
kay Kaeg k:i“egNA, Kchains Kiransfer Kiransiare- FOr €ach simulation, param-
eter values were randomly sampled from normal distributions N (s,
62), where u corresponds to the parameter value and 6 = 0.2 * u (i.e.,
20% of the mean). Simulations were then performed for all samples,
and the median together with the 10th, 25th, 75th, and 90th percen-
tiles were plotted for each scenario.

Statistical measures
As mentioned in results, the number of compartments may vary de-
pending on both the subject and the administered LNP. Accordingly,
N° was determined in a data-driven manner through multiple cali-
brations against the mRNA-encoded time series. To this end,
following similar approaches,®>®’

of the BIC:

we employed a modified version

BIC™ = BIC + N° In(n), (Equation 7)

where 7 denotes the number of data points used for parameter esti-
mation. Existing criteria in the literature typically compare models
that differ in their number of parameters, thereby motivating the
development of a new criterion for our application. In our frame-
work, varying the chain length increases the number of compart-
ments—and thus the effective degrees of freedom available during
parameter calibration—while the total number of estimated param-
eters remains constant. Therefore, this statistical measure allows us
to account, in a single quantity, for both goodness of fit through
the BIC term and model complexity through the N°ln(n) penalty.
Since N° modifies the model structure, for each product we per-
formed separate calibrations of the three mRNA-related parameters
for discrete values N° = 1, ...,15 and computed the corresponding
BIC values. The optimal value of N° was then selected as the
one minimizing the modified criterion BIC™", ie, N° =
argminye = 1, 15sBIC"". The resulting BIC™"(N“) profiles for all
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products are reported in Figure S3, showing a fairly convex trend
across the tested chain lengths and a corresponding well-defined
minimum for the selected value of N*.

To quantify the discrepancy between model predictions and observa-
tions in both calibration and validation, we computed the AAFE.**
The AAFE measures the average fold difference between predicted
and observed values and is defined as:

1152tog (7).

Equation 8
AAFE = 10 (Eq )

where O; are the observed experimental values at the times T}, P; are
the corresponding model predictions, and # is the number of paired
data points. By construction, AAFE > 1, and values below 2 are
generally considered to reflect good predictive performance.**

Model implementation

The model was implemented in MATLAB R2025b using the
SimBiology toolbox and simulated with the odel5s solver, with
both absolute and relative tolerances set to 10~ "%

The Sobol’ sensitivity analysis was performed using the sbiosobol
function and by setting parameter ranges as for the calibration.”

For model training, we employed scattersearch as the global optimi-
zation algorithm (maximum 2,000 iterations), followed by Isqnonlin
as the local solver (maximum 500 iterations). Whenever data vari-
ability was available, we performed a weighted fitting with the
weights set to the reciprocal of the variance. The identifiability anal-
ysis was conducted with GenSSL®° using the mRNA-encoded thera-
peutic time series as observable.

DATA AND CODE AVAILABILITY

All data supporting the findings described in this manuscript are available in the paper
and in the list of references. The Simbiology MATLAB code is available to download at
https://github.com/cosbi-research/Campanile_et_al_ PBPKmRNATherapeutics.
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