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RNA vaccines are instrumental to a timely response to dis-
ease outbreaks and pandemics. However, drug development
constantly copes with high attrition rates, leading to efficacy
and safety-related failures. Mathematical models are cost and
time-effective tools in guiding drug optimization strategies.
Here, we extend a multicompartmental model of immunoge-
nicity for therapeutic proteins' to provide a representation of
the early events after the injection of an mRNA vaccine and
suggest, through sensitivity analysis, properties to optimize.
Coronavirus disease 2019 (COVID-19) has rapidly
spread around the globe initiating a pandemic that has
already claimed hundreds of thousands of lives. After the
release of the sequence of the spike protein on January
11, 2020, few weeks were sufficient to generate spike-
encoding RNA vaccines and initiate testing. The unprec-
edented efforts (economical and scientific) lead the the

Moderna mRNA vaccine on March 16, 2020, to enter
phase I clinical trials,” soon followed by other candidates.
This astonishing response is, however, an exception,
because pharmaceutical industry reports high attrition
rates for traditional vaccines development,® as per new
chemical entities, with a market entry probability of 6%.
The most challenging step is the transition rate between
phases II and III, which has an estimated probability of
21%.” Vaccine safety remains a crucial point in phase III
clinical trials and, in some cases, as per the hepatitis B
vaccine, the attrition rate is calculated to be 50% for the
transition from phase III to regulatory submission.’

The risk profiles and the recent need for a way to fast-
track vaccine candidates, even among the same company,
call for strategies to minimize resources dispersion mov-
ing forward only the optimal candidates.®
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Systems biology and in particular quantitative systems
pharmacology (QSP) has been proven to be instrumental
in reducing in vitro - in vivo disconnections, by generating
in silico tools capable of helping in go/no-go decisions.’

In this work, we developed a mathematical model for
mRNA vaccine by adapting and extending a multiscale
model of immunogenicity from Chen et al.' We maintained
unvaried the description of the humoral immune response
(T and B cell kinetics) in the draining lymph node, extending
the model with a detailed representation of the early events
following the injection of the delivery system carrying the
mRNA, based on the work of Leonardelli et al. 2021.2

As illustrated by the model diagram provided in
Figure 1 and in the Supplementary Material, we consid-
ered the kinetics of four cell types to represent the early
events: myeloid dendritic cells (mDCs), plasmacytoid den-
dritic cells (pDCs), monocytes, and neutrophils. For every
cell type, we define a rate of migration inside (k’b(r ) and out-
side (kngBL) of the injection site compartment. These are
in equilibrium with the death rate (kXt, not shown in
Figure 1) to maintain the cell number at steady-state in the
absence of the vaccine. The vaccine delivery is assumed to
be instantaneous and its concentration will drive cell re-
cruitment (kf;). Furthermore, muscle cells surrounding
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the injection site will compete with the immune cells for
the vaccine uptake (k:(eg).

Cells recruited at the injection site can be found in four
states: naive, carrying the vector, expressing the protein,
and presenting the antigen at different levels. We consid-
ered the uptake of the vector (kffp) to be cell-specific, and
independent of their state. Once the vector has been trans-
ported in the cytoplasm, it will be unpacked and the pay-
load will be translated (kéip) with a rate that depends on
the cellular machinery and is not affected by the compart-
ments. The uptake of the vaccine and resultant expression
of the antigen lead to the formation of two cell popula-
tions: X and X”&. The signaling cascades, activated by
the maturation processes, trigger a migration toward the
lymph node with different rates (k7' and kfg;f‘fl) specific
to the cell type and their differentiation state.

To account for a progressive accumulation of the an-
tigen on the cell membrane, we separated the antigen-
presenting cells (APCs; i.e., mDCs and pDCs) in three
different populations according to the amount of ex-
pressed antigens: low (AgL), medium (AgM), or high
(AgH). The transition rate between two populations is de-
fined by the transport rate (kfi ). Upon reaching the drain-
ing lymph node, the cells will continue to unpack the
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FIGURE 1 The mRNA vaccine model diagram. The model is composed of two compartments: injection site (IS) and draining

lymph node (LN). The cells represented are: myeloid dendritic cells (mDCs); plasmacytoid dendritic cells (pDCs); monocytes (MCs); and
neutrophils (NPs). Each cell is also identified by a subscript and superscript indicating, respectively, the compartment where they are
located (IS or LN) and the cell phenotype: naive (N), containing vaccine vector (V), expressing antigen protein (p) and presenting antigen at
the membrane (low, medium, or high respectively: AgL, AgM, and AgH). In the LN we also find the adaptive response cells: naive T (NT);
memory T (MT); activated naive T (ANT); activated memory T (AMT); functional T (FT); naive B (NB); memory B (MB); activated naive B
(ANB); activated memory B (AMB); short and long-lived plasma cells (respectively, PCS and PCL), which secrete antibody (Ab)
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engulfed vector and express the antigen, and eventually
migrate to the bloodstream (kfl\;;BgL).

Because the model parameters necessary to quantita-
tively describe the early events and migration phenomena
are not fully available, we used experimental data from
Liang et al.” to estimate the missing ones (Supplementary
Material). In this study, rhesus macaques were inoculated
with a lipid nanoparticle carrying the mRNA and coding a
fluorescent protein.

Naive T cells (NT), once in contact with the APC, will
become active (ANT). Depending on the balance between
APC and T, ANT will undergo proliferation or differentia-
tion. A similar activation process is accounted for memory
T (MT), present in a second exposure, that will become
active memory (AMT). Although, in this case, the activa-
tion threshold is lower than the one for NT. The activation
functions depend on the number of APC-Ag® cells in the
different antigen level classes. The NT will be activated by
APCA8M or APCA8H, whereas MT also with APCAEL,

ANT and AMT can further differentiate into either
functional T helper (FT), which are responsible for B
cell activation, or MT, which are tied to the secondary
response. Proliferation and differentiation into ANT and
AMT are based upon the relative amount of APC-Ag* cells
among the antigen level classes.

Analogously, B cell activation, proliferation, and differen-
tiation is a function of the balance among FT, B cells, and the
availability of the free antigen. In our modelistic approxima-
tion, we considered the antigen as bound to the APCs mem-
brane only. The complete set of equations and the model
parameters is available in the Supplementary Material.

When calibrated with experimental data (as the one from
Liang et al.”), QSP models can be used to compare in silico
how different optimization strategies affect the vaccine im-
mune response,”’ guiding the mitigation of attrition risks.
We explored, by sensitivity analysis (Table 1), different ap-
proaches to maximize the antibody titers, such as increasing
translation of the mRNA and antigen accumulation on the

membrane (ké;p or k), co-delivery with adjuvants altering

immunogenicity (kX), and vaccine vector uptake (kfp). These

parameters were selected as their design is a crucial part of
the vaccine development and because they can be tailored
and systematically optimized to maximize the drug effect.
From the resulting sensitivities (Table 1), we observe the
relative low impact of the antigen expression (k) if com-
pared to optimizing the vector uptake rate (kffp), adding ad-

juvants (kig) or their combination. Interestingly this analysis
suggests a minor synergy between kffp and kX that provides

benefits beyond additive. The sensitivities thus suggest pri-
oritizing development strategies grounded on the delivery
system, because this would result in a direct optimization of
kffp and kﬁg parameters. These outcomes are, however, indic-

TABLE 1 Sensitivities table. Cell colors highlight the
sensitivities value from the lowest (gray) to the highest (dark blue)

S(Ab,{p}) ki k k k

- rc exp
ks 0.20 2.28 2.23 0.25
kup - 2.08 - 2.14
k. - - 2.03 2.09
k - - - 0.05

exp

Note: The reported values represent the percentage of Ab increase at

day 30 after a 50 ug injection, when increasing of 1% the considered

parameter (S (Ab, {p}) =100 - %). On the diagonal we reported the

single sensitivities, while the other elements are the combination of two
parameters (S (Ab, {p,p,}) = 100 - %).

ative of the current parametrization and could change when
calibrating the system to a new vaccine.

QSP models, like the one herein presented, can guide
in a cost/effective manner the go/no-go decisions during
vaccine development. In particular, different effects of the
mRNA pharmacology on the antibody titers can be tested
by sensitivity analysis. This can help fast tracking among
different formulations the ones showing room for im-
provement, by forecasting a more efficient response and,
thus, reducing attrition rates.
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