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Abstract

Background: RNA therapeutics are rapidly transforming precision medicine, yet their
development requires simultaneous consideration of delivery efficiency, biological efficacy, and
immune safety. Existing computational approaches frequently address these objectives separately
and rarely connect mechanistic knowledge, artificial intelligence, formulation prioritization, and
independent biological consistency assessment within a unified Safety-by-Design framework.

Methods: We developed an integrated computational framework combining virtual patient
cohorts, an RNA-lipid nanoparticle (RNA-LNP) formulation design space, mechanistic immune
descriptors derived from previously published Universal Immune System Simulator (UISS)
simulations, synthetic multi-omics generation, explainable artificial intelligence, and Pareto-based
multi-objective prioritization. The mechanistic descriptors were condensed into five
Mechanistically Informed Immune Signatures (MIIS), which served as biological constraints for
generating coherent synthetic molecular profiles. A Random Forest surrogate model estimated a
composite Safety-by-Design score, while biological consistency was retrospectively assessed
against the independent human single-cell RNA-sequencing dataset GSE171964.

Results: Using formulation-grouped five-fold cross-validation, the Random Forest surrogate
model predicted the composite Safety-by-Design score with R? = 0.887 and RMSE = 0.055,
while permutation-based importance identified zeta potential, nanoparticle size, targeting-ligand
status, and PEGylation density as the principal determinants of model predictions. Retrospective
comparison with GSE171964 yielded BPCI values ranging from 0.57 to 0.88 (mean = 0.76), with



the highest concordance observed at Days 2, 22, and 28, supporting preservation of systems-level
immune-program organization.

Conclusions: The proposed framework provides a reproducible proof-of-concept strategy for the
early computational prioritization of RNA-LNP formulations. MIIS provide an interpretable
interface between mechanistic immune information and synthetic molecular representations, while
the BPCI enables systems-level assessment of biological consistency. Validation across additional
independent cohorts and prospective experimental studies will be required to establish predictive
performance, generalizability, and potential translational utility.

Keywords: RNA therapeutics; lipid nanoparticles; safety-by-design; mechanistic modeling;
virtual patients; synthetic multi-omics; explainable artificial intelligence; systems immunology.



1. Background

1.1 RNA therapeutics: opportunities and challenges

RNA-based therapeutics have emerged as one of the most transformative innovations in modern
medicine, offering unprecedented opportunities for the prevention and treatment of infectious
diseases, cancer, genetic disorders, and inflammatory conditions (1). The clinical success of
messenger RNA (mRNA) vaccines during the COVID-19 pandemic (2)(3) demonstrated the
remarkable potential of nucleic acid-based medicines, accelerating investments and research
efforts across the broader field of RNA therapeutics(4). Beyond conventional mRNA vaccines, the
therapeutic landscape now includes self-amplifying RNA (saRNA), small interfering RNA
(siRNA), antisense oligonucleotides (ASOs), RNA aptamers, RNA editing technologies, and other
programmable nucleic acid platforms designed to modulate gene expression or induce targeted
immune responses (5).

The appeal of RNA therapeutics stems from their intrinsic versatility. Unlike traditional small
molecules or biologics, RNA molecules can be rapidly designed and manufactured once a target
sequence is identified, enabling unprecedented flexibility in responding to emerging pathogens,
personalized medicine applications, and rare genetic diseases. Moreover, advances in synthetic
biology, computational design, and high-throughput screening have significantly expanded the
range of diseases potentially addressable through RNA-based interventions(6).

Despite these advances, several challenges continue to limit the widespread adoption of RNA
therapeutics. RNA molecules are inherently unstable, susceptible to enzymatic degradation, and
unable to efficiently cross biological membranes without specialized delivery systems.
Furthermore, both the therapeutic cargo and the delivery vehicle may trigger unintended immune
activation, inflammatory responses, or off-target biological effects. These challenges highlight the
need for integrated strategies capable of simultaneously optimizing efficacy, biodistribution, and
safety throughout the therapeutic development process (7).



1.2 Lipid nanoparticles as delivery platforms

The success of RNA therapeutics is closely linked to the development of effective delivery
technologies. Among the available non-viral delivery systems, lipid nanoparticles (LNPs) have
emerged as the most clinically advanced and widely adopted platform. LNPs protect RNA
molecules from extracellular degradation, facilitate cellular uptake, promote endosomal escape
(8), and contribute significantly to tissue-specific biodistribution(9), (10). Their central role in the
development of approved mRNA vaccines has established LNPs as a cornerstone of modern RNA
medicine. However, the biological behavior of LNPs is highly sensitive to their physicochemical
properties (11). Some ionizable or cationic LNP compositions can induce substantial innate
inflammatory responses (12), (13), whereas particle size and surface charge influence lymph-node
transitivity and distribution (14). PEGylation modulates colloidal stability and circulation and may
also affect cellular uptake and immunogenicity.

The multidimensional nature of LNP design creates a complex optimization problem involving
multiple competing objectives(15,16). An ideal formulation should maximize delivery efficiency
and therapeutic activity while minimizing systemic toxicity, off-target biodistribution, and
unwanted immune activation. Exploring this vast design space exclusively through experimental
approaches remains challenging, costly, and time-consuming, motivating the development of
complementary computational strategies capable of guiding formulation design prior to laboratory
testing. These challenges naturally motivate computational Safety-by-Design frameworks capable
of exploring large formulation spaces before experimental testing.

1.3 Computational approaches for RNA therapeutic design

Recent advances in computational biology, artificial intelligence (Al), systems pharmacology, and
mechanistic modeling have created new opportunities for the rational design of RNA therapeutics
(15). Machine learning algorithms are increasingly being applied to predict RNA stability,
optimize sequence design, estimate delivery performance, and identify critical formulation
parameters. At the same time, mechanistic simulation platforms have demonstrated their value in
reproducing complex biological processes, including immune responses, pharmacokinetics,
biodistribution, and tissue-level interactions. The growing regulatory interest in New Approach
Methodologies (NAMs) further emphasizes the importance of computational frameworks capable
of reducing reliance on animal experimentation while supporting evidence generation during
preclinical development. Despite remarkable advances, current computational approaches remain
fragmented, typically addressing isolated aspects of RNA therapeutic development rather than
supporting integrated decision-making across efficacy, safety, delivery, and biological validation.
In this context, the integration of mechanistic simulations with data-driven Al approaches
represents a promising paradigm for model-informed drug development (17)(18).



Nevertheless, significant limitations remain. Computational approaches to RNA therapeutic
development are still commonly organized around specific tasks or modeling scales, including
molecular design, formulation optimization, delivery modeling, and transcriptomic analysis.
Integrated multiscale frameworks connecting delivery-system design, mechanistic immune
simulation, safety-related endpoints, and biological validation remain comparatively
underdeveloped(19). Moreover, optimization efforts have frequently emphasized delivery
efficiency and therapeutic performance, underscoring the need to incorporate safety and
immunogenicity considerations earlier in candidate selection(9).

As RNA therapeutics continue to expand beyond vaccines toward broader clinical applications,
there is an increasing need for computational platforms capable of supporting a safety-by-design
strategy in which efficacy and safety are evaluated simultaneously throughout the development
process.

1.4 Previous work and rationale

In our previous work, we presented a proof-of-concept computational strategy for the rational
design of RNA-lipid nanoparticle (RNA-LNP) formulations by integrating mechanistic immune
modeling, synthetic transcriptomic data generation, machine learning, and computational
optimization. That study demonstrated that mechanistically informed synthetic datasets could
support the identification of candidate formulations with favorable delivery characteristics while
reducing predicted inflammatory activation, highlighting the potential of computational
approaches to accelerate early-stage formulation design (20).

Although encouraging, the previous framework remained primarily focused on formulation
optimization and represented an initial step toward a more comprehensive computational pipeline
for RNA therapeutics. It employed a single synthetic transcriptomic layer and represented
biological variability through stochastic perturbations rather than explicit virtual patient cohorts.
Retrospective validation against the independent GSE171110 dataset was performed at the gene
level using differential-expression overlap, directionality concordance, and fold-change
correlation. However, the framework did not include a systems-level strategy for determining
whether the simulated responses preserved the relative organization and hierarchy of coordinated
immune programs.

These limitations motivated the development of the present study, whose objective is not merely
to improve formulation optimization, but to establish a modular safety-by-design framework that
integrates mechanistic immune modeling, synthetic multi-omics generation, explainable artificial
intelligence, virtual patient modeling, and biological consistency assessment within a unified
computational workflow. The conceptual advance introduced here is not simply the addition of
new computational components, but the establishment of a unified framework in which



mechanistic simulations provide biologically interpretable constraints for downstream Al-driven
prioritization and validation.

In the present study, these previously generated mechanistic simulations are not repeated but are
repurposed as a biologically grounded source of immune dynamics supporting the generation of
synthetic multi-omics representations within a substantially extended safety-by-design framework.

1.5 Objectives of the present study

The objective of this study was to develop an integrated safety-by-design computational
framework for the early prioritization of RNA therapeutics by combining mechanistic immune
modeling, synthetic multi-omics generation, explainable artificial intelligence, and retrospective
biological validation.

The proposed workflow combines heterogeneous virtual patient cohorts with mechanistic immune
descriptors derived from previously published UISS simulations. These descriptors are condensed
into Mechanistically Informed Immune Signatures (MIIS) and used as biological constraints for
generating coherent synthetic multi-omics representations encompassing transcriptomic, cytokine,
immune-cellular, and pathway-level responses. These representations are used to characterize the
synthetic immune landscape and provide the functional space for retrospective biological
consistency assessment. In a parallel modeling branch, a Random Forest surrogate uses seven
formulation parameters and four latent immune-state variables to estimate the composite Safety-
by-Design score. Candidate RNA-LNP formulations are subsequently prioritized through Pareto-
based analysis of five efficacy- and safety-related endpoint objectives, with the composite score
used for post hoc ranking and visualization.

To assess the biological plausibility of the framework, predicted immune programs were
retrospectively compared with an independent human single-cell transcriptomic dataset obtained
following vaccination with BNT162b2 (Pfizer—-BioNTech), a lipid nanoparticle (LNP)-formulated
mRNA vaccine encoding the prefusion-stabilized SARS-CoV-2 spike protein and representing one
of the best-characterized human mRNA vaccine systems currently available (21). Rather than
evaluating agreement at the level of individual genes, validation was performed by assessing
preservation of the functional hierarchy of major immune programs. To support this analysis, we
introduce the Biological Program Concordance Index (BPCI), a composite metric that quantifies
biological agreement by integrating immune-program ranking, activation-direction consistency,
and top-program overlap.

Collectively, the proposed framework provides a reproducible and interpretable computational
strategy for the early-stage development of RNA therapeutics while supporting emerging New
Approach Methodologies (NAMs) and model-informed drug development. More broadly, it
establishes a modular computational paradigm for mechanistically informed Safety-by-Design that



can progressively incorporate additional mechanistic simulators, omics layers, and Al models as
these technologies continue to evolve.

2. Materials and Methods

2.1 Safety-by-Design computational framework

The proposed framework was developed in accordance with the Safe-by-Design (SbD) principle
(22) established in nanotechnology and nanomedicine, whereby safety-relevant properties are
considered alongside functionality from the earliest stages of candidate development. In the
present study, this principle was operationalized computationally through the simultaneous
evaluation of efficacy- and safety-related endpoints during the early prioritization of RNA-LNP
formulations (23,24). Rather than optimizing individual formulation parameters in isolation, the
workflow integrates virtual patient modeling, mechanistically informed immune simulations,
synthetic multi-omics generation, explainable artificial intelligence, multi-objective optimization,
and retrospective biological consistency validation into a unified computational framework
(Figure 1).
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Figure 1. Overview of the proposed Safety-by-Design computational framework for RNA-LNP therapeutics. Virtual patient
attributes and candidate RNA-LNP formulations define the synthetic computational design space. Previously published UISS
trajectories are summarized into mechanistic descriptors and five Mechanistically Informed Immune Signatures (MIIS), which
constrain synthetic multi-omics representations used for immune-landscape characterization and retrospective biological
consistency assessment. In a parallel candidate-prioritization branch, seven formulation parameters and four latent immune-state



variables are used by a Random Forest surrogate to estimate the composite Safety-by-Design score. Pareto analysis is performed
on five efficacy- and safety-related endpoints, and the composite score is used for post hoc ranking and visualization of non-
dominated candidates. Framework-level biological consistency is assessed against independent human transcriptomic data using
the Biological Program Concordance Index (BPCI).

Within this architecture, the Universal Immune System Simulator (UISS) serves as a pre-existing
mechanistic knowledge layer. Rather than conducting a new simulation campaign, the present
study reused previously published temporal profiles of immune-cell activation, antibody
production, and response dynamics. These profiles were summarized into quantitative descriptors
and aggregated into five Mechanistically Informed Immune Signatures (MIIS): early innate
activation, cellular adaptive immunity, humoral response, immune memory, and global immune
persistence. The resulting MIIS were then used to constrain coherent synthetic transcriptomic,
cytokine, immune-cellular, and pathway-level representations (Tables 1 and 2). Importantly,
UISS-derived descriptors, MIIS, and synthetic multi-omics variables belonged to the biological-
consistency branch and were not used as predictors of the Random Forest surrogate or as Pareto-
dominance objectives.

EP Early interaction between RNA-LNP and | Early innate activation Interferon response;

(Epithelial/ta | target cells; initiation of innate sensing inflammatory

rget cells) response

T cells Helper T-cell activation Cellular adaptive Adaptive immunity;
immunity antigen presentation

TC Cytotoxic immune response Cytotoxic adaptive Adaptive immunity;

(Cytotoxic T activation antigen presentation

cells)

B cells Activation of humoral immunity Humoral activation Adaptive immunity

Tmem Development of long-term immune Immune memory potential | Adaptive immunity

(Memory T memory

cells)

Ig Antibody production Humoral response Adaptive immunity

(Immunoglob intensity

ulins)

Temporal Dynamic evolution of immune response | Peak activation, activation | All synthetic layers

activation persistence, time-to-peak

curves

Table 1. Mechanistic integration of UISS within the computational framework



Compartment-specific AAUC values were retrieved from the previously published UISS
simulation outputs. By integrating baseline-adjusted immune-response trajectories over time,
AAUC provides a cumulative descriptor that reflects both response intensity and persistence,
although it does not separately quantify individual temporal features such as time to peak or
response duration. From each previously generated compartment-specific UISS trajectory, five
summary descriptors were computed to characterize response magnitude, cumulative activation,
kinetics, and residual activity. Let Ac(t) denote the simulated activation level of immune
compartment ¢ at time t. The extracted descriptors and their biological interpretation are
summarized in Table 2.

Peak activation max, (Ac(tj)) Maximum activation reached during the
simulation

Mean activation 1 z” (Ac (t )) Average activation intensity over the simulated

n =1 J interval
Cumulative ftf (Ac(t))dt, estimated using the Overall activation burden integrating intensity
. q 0 ¢ .

activation trapezoidal rule and duration

Time-to-peak arg(max,(Ac(t))) Timing of the maximum response

Final activation Ac(tf) Residual activity at the final simulated time
point

Table 2. Mechanistic descriptors extracted from UISS simulations

These mechanistic descriptors were aggregated into Mechanistically Informed Immune Signatures
(MIIS) and used to constrain the generation of synthetic multi-omics representations. In the current
implementation, these representations were used to characterize the simulated immune landscape
and to support retrospective biological consistency assessment; they were not included as
predictors of the Random Forest surrogate. The surrogate model instead estimated the
precomputed composite Safety-by-Design score from seven formulation parameters and four
latent immune-state variables. The overall objective of the framework is not to replace
experimental validation but to provide a transparent, reproducible, and biologically interpretable
computational platform capable of prioritizing candidate RNA-LNP formulations during the early
stages of development, thereby reducing experimental burden while supporting model-informed
drug development and New Approach Methodologies (NAMs).

The framework comprises a shared computational foundation and two complementary analytical
branches.

Shared design and mechanistic-knowledge foundation:
1. generation of virtual patient cohorts;

2. construction of the RNA-LNP formulation design space;



3. integration of mechanistically derived immune descriptors from previously published
UISS simulations;

4. construction of Mechanistically Informed Immune Signatures (MIIS).
Candidate-prioritization branch:

5. derivation of five efficacy- and safety-related response variables and computation of the
composite Safety-by-Design score;

6. training and evaluation of an explainability-oriented Random Forest surrogate using seven
formulation parameters and four latent immune-state variables;

7. Pareto-based multi-objective prioritization using the five individual response variables,
followed by post hoc ranking of the non-dominated formulations according to the predicted
Safety-by-Design score.

Biological-consistency branch:

8. generation of MIIS-constrained synthetic multi-omics representations and downstream
immune-program scores;

9. retrospective biological consistency assessment against one independent human
transcriptomic dataset;

10. computation of the Biological Program Concordance Index (BPCI).

The resulting architecture is partially branched rather than strictly sequential. Synthetic multi-
omics variables are used to characterize the simulated immune landscape and support retrospective
biological consistency assessment but are not included as predictors of the Random Forest
surrogate. The BPCI assesses preservation of immune-program organization at the framework
level and should not be interpreted as experimental validation of individual prioritized RNA-LNP
formulations. The computational architecture comprises two complementary analytical branches
connected by a shared mechanistic knowledge layer. In the candidate-prioritization branch, seven
RNA-LNP formulation parameters and four latent immune-state variables are used to derive
efficacy- and safety-related response variables and to train a Random Forest surrogate for
prediction of the composite Safety-by-Design score. Pareto analysis is performed separately using
five endpoint objectives, while the predicted composite score is retained for post hoc ranking of
the non-dominated formulations. In the biological-consistency branch, UISS-derived
Mechanistically Informed Immune Signatures (MIIS) constrain the generation of synthetic multi-
omics representations and downstream immune-program scores, which are compared with
independent human transcriptomic observations using the Biological Program Concordance Index.
Synthetic multi-omics variables are therefore not used as predictors of the Random Forest model,
and the BPCI evaluates framework-level biological consistency rather than the experimental
validity of individual prioritized formulations.



2.2 Generation of virtual patient cohorts

Following established virtual-population modeling principles (25)(26) a synthetic cohort of 200
virtual patients was generated using a stochastic sampling procedure implemented in R. The cohort
size was selected to provide computationally tractable coverage of heterogeneous immune-
response scenarios and was not based on a formal statistical power calculation. Rather than
representing identifiable individuals or digital replicas of a defined clinical population, each virtual
patient was characterized by a combination of demographic and immunological attributes sampled
from prespecified probability distributions selected to represent structured inter-individual
heterogeneity (Table 3).

The demographic profile included age and biological sex. Age was sampled from a uniform
distribution between 18 and 85 years and rounded to the nearest integer, whereas sex was assigned
according to fixed probabilities of 52% female and 48% male. These proportions were used as
population-level modeling assumptions rather than estimates calibrated against a specific clinical
cohort.

Each virtual patient was further characterized by four latent immune-state variables representing
baseline inflammatory status, overall immune responsiveness, innate immune reactivity, and
adaptive immune potential. Baseline inflammatory status was represented as a normalized latent
variable bounded between 0 and 1. In the absence of cohort-specific data suitable for direct
calibration, a Beta (2,6) distribution (27) was selected a priori to encode a predominantly low-
inflammatory virtual population while retaining inter-individual heterogeneity. This distribution
has a mean of 0.25, a mode of approximately 0.17, and a standard deviation of approximately 0.14.
Its right-skewed shape concentrates most virtual patients within the lower portion of the
normalized range while preserving a smaller subgroup with moderately elevated baseline
inflammatory status. The selected parameters should therefore be interpreted as explicit
population-level modeling assumptions rather than as estimates derived from a specific clinical
cohort.

Overall immune responsiveness, innate immune reactivity, and adaptive immune potential were
independently sampled from normal distributions centered at 1.0 (immune responsiveness and
adaptive potential: p = 1.0, o = 0.20; innate reactivity: p = 1.0, 6 = 0.25). To avoid implausibly
low values, these variables were truncated at a minimum value of 0.2. Unless otherwise specified,
the virtual-patient attributes were sampled independently; consequently, the current
implementation does not reproduce demographic or immunological covariance structures
observed in clinical populations.

For descriptive purposes, virtual patients were stratified into three inflammatory-risk classes
according to their baseline inflammatory status (Low: <0.25; Intermediate: 0.25-0.50; High:
>0.50). This classification was used to visualize the distribution of simulated immune backgrounds
and to support descriptive comparison of the resulting synthetic response states.



The virtual-patient profiles were computationally combined with the candidate RNA-LNP
formulations to construct the patient—formulation design matrix. No new patient-specific UISS
simulations were performed. Instead, the four latent immune-state variables contributed to
generation of the synthetic response states and, together with the seven formulation parameters,
constituted the 11 predictors used by the Random Forest surrogate. Age and sex were retained for
cohort description but were not included as model predictors in the current implementation.

Virtual-patient generation was implemented in R version 4.6.0 (R Core Team, 2026) (28) using
independent random sampling from prespecified parametric distributions. Age was generated
using stats::runif() and rounded with base::round(), biological sex was assigned by probability-
weighted sampling using base::sample(), baseline inflammatory status was generated using
stats::rbeta(), and the three remaining latent immune-state variables were generated using
stats::rnorm(). Lower truncation of the normally distributed immune variables was implemented
using base::pmax(), while inflammatory-risk classes were assigned using dplyr::case_when()
(dplyr version 1.2.1). No Latin hypercube sampling, resampling, or empirical population-
calibration procedure was applied.

A fixed random seed (seed = 123) was used throughout the virtual-cohort generation procedure to
support computational reproducibility.

Number of virtual patients 200

Random seed 123

Age Uniform distribution, 18-85 years

Sex Female 52%; Male 48%

Baseline inflammatory status Beta (2,6)

Overall immune responsiveness Normal (n = 1.0, o = 0.20)

Innate immune reactivity Normal (n = 1.0, o = 0.25)

Adaptive immune potential Normal (p = 1.0, o = 0.20)

Lower truncation for immune variables 0.2

Inflammatory risk classes Low (<0.25), Intermediate (0.25-0.50), High (=0.50)

Table 3. Parameters used for the generation of the synthetic virtual patient cohort. Demographic and immunological variables,
associated probability distributions, and parameter values used to simulate inter-individual variability across the virtual population

2.3 Construction of the RNA-LNP formulation design space

A virtual library of candidate RNA-LNP formulations was generated by systematically sampling
the principal physicochemical properties known to influence RNA delivery, biodistribution,



intracellular trafficking, and immunological safety. The objective was to computationally explore
a broad, yet biologically plausible formulation space representative of lipid nanoparticles
commonly investigated for RNA therapeutics.

Each formulation was characterized by seven physicochemical descriptors, including nanoparticle
size, surface charge (zeta potential), PEGylation density, ionizable lipid fraction, helper lipid
fraction, cholesterol fraction, and the presence or absence of a targeting ligand (Table 4). These
variables were selected because they are known to affect circulation time, cellular uptake,
endosomal escape, lipid nanoparticle stability, tissue targeting, and innate immune recognition (9).

A total of 500 candidate RNA-LNP formulations were generated by independently sampling each
formulation parameter from predefined biologically plausible distributions. The three major lipid
components (ionizable lipid, helper lipid, and cholesterol) were subsequently normalized to ensure
that their relative fractions summed to unity while preserving the independently sampled
PEGylation density and targeting-ligand status. This normalization step generated chemically
consistent formulations while maintaining broad exploration of the formulation design
space(10,12). A fixed random seed (seed = 123) was used to ensure reproducibility of the
formulation library. The resulting virtual design space enabled systematic evaluation of diverse
RNA-LNP candidates before downstream mechanistic interpretation, synthetic multi-omics
generation, and Al-based optimization.

Number of formulations Fixed 500 =
Random seed Fixed 123 —
Particle size Uniform 50-150 nm
Surface charge (zeta | Uniform —10 to +10 mV
potential)
PEGylation density Uniform 0.10-0.50 mol%
Ionizable lipid fraction* Uniform 0.35-0.60 relative
fraction
Cholesterol fraction* Uniform 0.25-0.45 relative
fraction
Helper lipid fraction* Uniform 0.05-0.20 relative
fraction
Targeting ligand Bernoulli distribution 0 = absent; 1 =present (P =0.40) binary

Table 4. Parameters used for the generation of the virtual RNA-LNP formulation library.

* After sampling, the ionizable lipid, cholesterol, and helper lipid fractions were normalized so that their combined proportion summed to one.



2.4 Mechanistic immune descriptors derived from previously published
UISS simulations

The mechanistic component of the proposed framework is based on the Universal Immune System
Simulator (UISS), an agent-based platform developed to reproduce the temporal dynamics of the
human immune system under physiological and pathological conditions(29). UISS explicitly
represents immune cells, cytokines, antibodies, and molecular mediators as autonomous
interacting agents governed by biologically defined rules. Through these interactions, the model
reproduces coordinated innate and adaptive immune behavior following antigenic or therapeutic
stimulation and has been applied to infectious-disease and vaccination modeling (30).

Rather than conducting a new candidate-specific UISS simulation campaign, the present study
repurposed temporal immune-response trajectories generated in our previous RNA-LNP
optimization study (20) as a pre-existing mechanistic knowledge layer. UISS therefore did not
directly simulate or optimize each virtual patient—formulation combination evaluated in the current
workflow. Instead, previously generated activation profiles for major immune compartments,
including epithelial/target cells, helper and cytotoxic T lymphocytes, B lymphocytes, memory T
lymphocytes, and immunoglobulin production, were summarized into mechanistic descriptors
used to construct the Mechanistically Informed Immune Signatures (MIIS) and constrain the
downstream synthetic biological representations.

For each immune compartment, temporal activation trajectories are summarized into quantitative
descriptors describing complementary aspects of the simulated immune response, including peak
activation, mean activation level, activation persistence, time-to-peak, and residual activation at
the end of the simulation. Rather than representing isolated simulation outputs, these descriptors
provide a compact and biologically interpretable representation of immune dynamics that bridges
the agent-based simulations with the downstream synthetic multi-omics generation module.

The extracted descriptors are subsequently integrated into the synthetic multi-omics workflow,
where they guide the generation of coherent transcriptomic, cytokine, immune-cellular, and
pathway-level representations used for synthetic immune-landscape characterization and
retrospective biological consistency assessment.

2.5 Construction of Mechanistically Informed Immune Signatures

The compartment-level descriptors defined in Section 2.4 were organized according to predefined
functional mappings to construct five higher-order Mechanistically Informed Immune Signatures
(MIIS). This aggregation reduced the dimensionality of the UISS-derived outputs while retaining
complementary information on response magnitude, cumulative activation, kinetics, persistence,
and residual immune activity.



The resulting MIIS represented early innate activation, cellular adaptive immunity, humoral
response, immune memory, and global immune persistence. Each signature integrated information
from biologically related immune compartments and temporal descriptors, providing a compact
and interpretable representation of the previously simulated immune dynamics.

The MIIS therefore constitute the intermediate mechanistic layer connecting the previously
published UISS trajectories with the downstream synthetic multi-omics module. They were used
as biological constraints for synthetic data generation rather than as direct predictors of the
Random Forest surrogate or as objectives of the Pareto analysis.

2.6 Synthetic multi-omics generation

The five Mechanistically Informed Immune Signatures (MIIS) defined in Section 2.5 were used
as mechanistic constraints for generating synthetic multi-omics representations comprising
transcriptomic profiles, cytokine and chemokine signatures, immune-cell population states, and
pathway-level activity scores. Rather than attempting to reconstruct individual molecular
measurements, this module was designed to generate internally coherent synthetic profiles that
preserved the functional organization of the underlying immune dynamics and were suitable for
exploratory characterization and retrospective biological consistency assessment (31)(32).

Within this framework, MIIS constitute an intermediate functional representation connecting
previously published mechanistic simulations with synthetic molecular data. The four synthetic
modalities were generated to maintain explicit relationships with the corresponding mechanistic
signatures while representing complementary aspects of the simulated immune response.

Synthetic transcriptomic profiles comprised 50 synthetic gene-level features organized into five
biologically relevant immune programs, with 10 features assigned to each program: interferon
response, inflammatory response, antigen presentation, adaptive immunity, and cellular stress
response. Baseline expression values were sampled from a normal distribution with a mean of 6.0
and a standard deviation of 0.4 and were subsequently modulated according to the corresponding
MIIS.

Each immune program was modulated by one or more MIIS according to predefined functional
mappings. Early innate activation primarily influenced the interferon and inflammatory programs,
whereas cellular adaptive immunity and humoral response predominantly modulated antigen-
presentation and adaptive-immunity programs. Global immune persistence and the temporal
properties retained by the mechanistic descriptors additionally contributed to the cellular stress-
response program.

To introduce biological variability while preserving mechanistic consistency, Gaussian noise was
added during the generation of transcriptomic, cytokine, and immune-cellular data. This procedure



produced internally consistent synthetic datasets that retained predefined relationships among
molecular features without attempting to reproduce exact experimental transcript abundances.

Pathway-level scores were derived from the synthetic transcriptomic matrix rather than generated
independently. For each sample s, the score of immune program p was calculated as the arithmetic
mean of the expression values of the 10 synthetic gene-level features assigned to that program:

1
Pp,s == E z Xg,s

geGy
where G, denotes the set of 10 synthetic gene-level features assigned to program, p and X,

denotes the synthetic expression value of feature g in sample s. This derivation ensured internal
consistency between the transcriptomic and pathway-level layers and provided the functional
representation used for retrospective comparison with the independent GSE171964 dataset.

The complete mapping between the MIIS and the downstream synthetic multi-omics layers is
summarized in Table 5.

Early innate activation Interferon response; inflammatory Cytokine signatures
response
Cellular adaptive immunity Adaptive immunity; antigen presentation | Immune-cell populations
Humoral response Adaptive immunity Immunoglobulin-associated
features
Immune memory Adaptive immunity Memory-cell dynamics
Global immune persistence Cellular stress response Global pathway activity

Table 5. Mapping between mechanistic biological signatures and synthetic multi-omics components.

Although the current implementation uses predefined mappings between mechanistic biological
signatures and immune programs, the modular architecture allows future integration of more
sophisticated mapping strategies, including network-based propagation models, graph neural
networks, or foundation-model embeddings.

The synthetic multi-omics representations were used for exploratory characterization of the
simulated immune landscape and for retrospective biological consistency assessment. They were
not included among the predictors of the Random Forest surrogate model, which was trained
separately using formulation parameters and latent immune-state variables.

Unsupervised analysis of the synthetic transcriptomic landscape.

To characterize the global organization of the generated synthetic immune states, the
transcriptomic matrix was transposed into a samples-by-genes representation and standardized



gene-wise across samples using Z-score transformation. Principal component analysis (PCA) was
performed on the resulting standardized 50-gene matrix using the prcomp function in R. Because
the matrix had already been standardized, no additional centering or scaling was applied during
PCA. The first two principal components were retained for visualization, and the proportion of
variance explained by each component was calculated from the corresponding eigenvalues.
Synthetic samples were colored according to their inflammatory-risk class, and normal-
distribution ellipses encompassing 80% of the observations within each class were included for
descriptive visualization.

Uniform Manifold Approximation and Projection (UMAP) (33) was independently applied to the
same standardized 50-gene expression matrix using the umap function from the R package uwot.
UMAP was computed using 30 nearest neighbors, a minimum distance of 0.20, and Euclidean
distance. Computation was restricted to a single thread, and a fixed random seed of 123 was used
to support reproducibility. The resulting two-dimensional coordinates were visualized according
to inflammatory-risk class to examine the local neighborhood structure and continuity of the MIIS-
driven synthetic immune-response landscape. PCA and UMAP coordinates were used exclusively
for exploratory visualization and were not included as predictive features in the downstream
artificial intelligence models or in the computation of the Safety-by-Design score.

For pathway-level visualization, each of the five immune-program scores was independently z-
standardized across samples. Samples were then ordered by agglomerative hierarchical clustering
of the resulting five-dimensional score matrix, using Euclidean distance and Ward’s minimum-
variance method (ward.D2). The resulting dendrogram order was used to arrange the columns of
the pathway-activity heatmap, and inflammatory-risk class was displayed as an accompanying
sample-annotation strip.

2.7 Composite Safety-by-Design score

The composite Safety-by-Design (SbD) score was designed to summarize complementary
efficacy- and safety-related response dimensions for each simulated patient—formulation record.
In the candidate-prioritization branch, five response variables were considered: delivery efficiency,
adaptive immune activation, innate immune activation, cytokine burden, and off-target immune
activation. These variables were generated from the RNA-LNP formulation parameters and latent
virtual-patient immune-state variables. UISS-derived descriptors, Mechanistically Informed
Immune Signatures (MIIS), and synthetic multi-omics variables were not used directly in
calculating the composite score. Patient-level scores were subsequently averaged across the virtual
cohort to obtain formulation-level summary scores for ranking and visualization.

Before calculating the composite score, each endpoint x; was normalized to the [0,1] interval using
the empirical minimum and maximum values estimated from the complete set of 10,000 simulated
patient—formulation records:



x*; = min{1, max[0, (x; — m;)/(M; — m;)]}

where m; and M; denote the empirical minimum and maximum, respectively, of endpoint j in the
complete simulated design space. The asterisk denotes the corresponding normalized value. This
normalization produced five dimensionless variables: normalized delivery efficiency D*, adaptive
immune activation A*, innate immune activation I*, cytokine burden C*, and off-target immune
activation O™,

Fixed coefficients were assigned a priori to the five normalized components: 0.30 for delivery
efficiency, 0.20 for adaptive immune activation, 0.20 for innate immune activation, 0.15 for
cytokine burden, and 0.15 for off-target immune activation. For the three endpoints to be
minimized, directional transformation was performed by calculating their complements. The
composite score was therefore defined as:

ShD = 0.30 D* + 0.20 A* + 0.20(1 — I*) + 0.15(1 — C*) + 0.15(1 — 0%)

The coefficients sum to one. Following normalization and directional transformation, each
component ranged from 0 (least favorable) to 1 (most favorable), ensuring that higher composite
scores consistently represented a more favorable efficacy—safety profile. Because the
normalization parameters were derived from the synthetic design space, the resulting Safety-by-
Design score should be interpreted as a relative prioritization metric rather than as an externally
calibrated clinical safety scale.

Higher Safety-by-Design scores therefore identified candidate RNA-LNP formulations predicted
to combine favorable delivery and adaptive immune activation with reduced innate activation,
cytokine burden, and off-target immune activation. The composite score was modeled by the
Random Forest surrogate and subsequently used for post hoc ranking and visualization of Pareto-
optimal candidates; it was not included as a separate Pareto-dominance objective.

The components, weights, optimization directions, and empirical normalization parameters used
to compute the composite Safety-by-Design score are summarized in Table 6.

Delivery efficiency 0.30 Positive 0.000 3.270
Adaptive immune activation | 0.20 Positive 0.000 4.903
Innate immune activation 0.20 Negative 0.498 3.094
Cytokine burden 0.15 Negative 0.494 5.093
Off-target immune activation @ 0.15 Negative 0.000 6.139

Table 6. Components, weights, directions, and empirical normalization parameters of the composite Safety-by-Design score.



2.8 Explainable artificial intelligence framework

Predictive machine-learning models were trained to estimate the composite Safety-by-Design
score from RNA-LNP formulation characteristics and virtual-patient immune attributes. The
analysis dataset comprised 10,000 simulated patient—formulation records representing 200 virtual
patients and 500 RNA-LNP formulations. Eleven predictors were included: baseline inflammatory
status, overall immune responsiveness, innate immune reactivity, adaptive immune potential,
nanoparticle size, zeta potential, PEGylation density, ionizable lipid fraction, cholesterol fraction,
helper lipid fraction, and targeting-ligand status. Age, sex, UISS-derived descriptors, MIIS, and
synthetic multi-omics variables were not used as model inputs.

Random Forest regression was implemented using the ranger R package (version 0.18.0) with 300
trees(34,35). Predictive performance was evaluated using five-fold cross-validation grouped by
RNA-LNP formulation. All simulated records associated with the same formulation were assigned
to a single fold, ensuring that no RNA-LNP candidate occurred in both the training and validation
subsets. This formulation-grouped design was selected as the primary validation strategy because
it evaluates generalization to previously unseen RNA-LNP candidates and prevents information
leakage across repeated patient—formulation evaluations (36,37).

Out-of-fold predictions from the five validation folds were pooled to calculate the coefficient of
determination:

L —9)?
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Model performance was summarized using R?, root mean squared error (RMSE) and mean
absolute error (MAE). Fold-specific metrics and fold assignments were also retained. As a

R*?=1

sensitivity analysis, the same procedure was repeated using five-fold cross-validation grouped by
virtual patient, thereby evaluating generalization to previously unseen immune backgrounds. After
validation, a final Random Forest model was fitted to all 10,000 records, and permutation-based
feature importance was calculated to quantify the contribution of each predictor. A fixed random
seed (seed = 123) was used for fold assignment and model fitting.

The main parameters of the Random Forest model and the cross-validation strategy are
summarized in Table 7.

Machine-learning algorithm Random Forest regression

Implementation ranger package, version 0.18.0

Predictors 11 formulation and latent immune-state variables

Analysis dataset 10,000 sampled patient—formulation records; 500 LNP formulations; 200

virtual patients

Primary validation Five-fold cross-validation grouped by RNA-LNP formulation



Training/validation observations Approximately 80%/20%; exact counts vary with formulation-group size

per fold

Number of trees 300 (num.trees = 300)

Random seed 123

Performance metrics R?, RMSE, MAE

Feature importance Permutation importance from the final model

Table 7. Parameters of the explainable artificial intelligence module.

2.9 Multi-objective prioritization of RNA-LNP formulations

Candidate RNA-LNP formulations were prioritized using a Pareto-based multi-objective
optimization strategy designed to identify formulations that maximize predicted delivery and
adaptive immune activation while minimizing undesirable innate, cytokine, and off-target immune
activation (16).

For each candidate formulation, mean values of the predicted Safety-by-Design score, delivery
efficiency, adaptive immune activation, innate immune activation, cytokine burden, and off-target
immune activation were computed across the virtual patient population. These aggregated
formulation-level metrics were used for candidate assessment. Pareto dominance, however, was
evaluated using five non-redundant endpoint objectives: delivery efficiency, adaptive immune
activation, innate immune activation, cytokine burden, and off-target immune activation. The
composite Safety-by-Design score was retained as a summary metric for subsequent ranking and
visualization but was not included as a separate dominance objective.

The Pareto analysis simultaneously sought to:
e maximize mean delivery efficiency;
e maximize mean adaptive immune activation;
e minimize mean innate immune activation;
e minimize mean cytokine burden;
¢ minimize mean off-target immune activation.

The composite Safety-by-Design score was not treated as an additional Pareto objective because
its constituent efficacy- and safety-related endpoints overlap with the five endpoint objectives
above. Instead, it was used after Pareto filtering to rank non-dominated candidates and to support
visualization of the delivery—SbD trade-off.

Candidate formulations were compared using Pareto-dominance analysis across five formulation-
level objectives: maximization of delivery efficiency and adaptive immune activation, and



minimization of innate immune activation, cytokine burden, and off-target activation. Multi-
objective analysis was selected because improvements in delivery and adaptive activation may be
accompanied by increased innate or inflammatory responses, preventing identification of a single
formulation that is optimal across all criteria. Pareto analysis preserves these competing trade-offs
without requiring additional a priori weighting of the individual objectives(38). A formulation was
classified as Pareto-optimal when no other candidate was at least as favorable across all five
objectives and strictly more favorable in at least one. The resulting Pareto front therefore represents
the set of non-dominated RNA-LNP candidates providing the most favorable compromises among
efficacy- and safety-related endpoints. Pareto-optimal formulations were subsequently ranked
according to their mean composite Safety-by-Design score across virtual patients, which served as
a secondary decision criterion for identifying the leading candidates. The 20 highest-ranking
Pareto-optimal formulations were retained for downstream interpretation and visualization.

The complete multi-objective optimization strategy is summarized in Table 8.

Optimization strategy Pareto dominance analysis

Optimization unit Mean formulation performance across the virtual patient population

Dominance objectives Five endpoint objectives: delivery efficiency, adaptive immune activation, innate
immune activation, cytokine burden, and off-target immune activation

Objectives to maximize | Mean delivery efficiency; mean adaptive immune activation

Objectives to minimize | Mean innate immune activation; mean cytokine burden; mean off-target immune
activation

Safety-by-Design score | Not used as a separate dominance objective; retained for post hoc ranking and

visualization
Pareto-optimal 21 of 500 formulations
candidates
Ranking strategy Pareto filtering followed by ranking according to mean Safety-by-Design score
Final output Ranked list of Pareto-optimal RNA-LNP candidates

Table 8. Multi-objective optimization strategy.

2.10 Retrospective biological consistency validation

The biological plausibility of the immune programs generated by the framework was assessed
through retrospective validation using the human single-cell RNA-seq dataset GSE171964, which
includes peripheral blood mononuclear cells collected from healthy volunteers at multiple time
points following BNT162b2 mRNA vaccination (21).



Single-cell count data were aggregated into pseudo-bulk transcriptomic profiles at the patient—time
point level (39). For each pseudo-bulk profile, pathway-level signature scores were computed for
five immune programs represented in the synthetic multi-omics layer: interferon response,
inflammatory response, antigen presentation, adaptive immunity, and stress response.

Rather than treating validation as a direct quantitative prediction task, the analysis was designed
as a biological consistency assessment. Observed immune activation was defined as the deviation
of each pathway-level signature score from the corresponding Day 0 baseline:

ASi,t = Si,t - Si,o

where §; ; represents the observed score of immune-program (i) at time point (t), and S; o represents
the baseline value.

Synthetic predictions were compared with observed post-vaccination deviations from baseline at
the immune-program level. The primary validation objective was to determine whether the
framework preserved the relative hierarchy of vaccine-induced immune programs rather than
reproducing the absolute magnitude of transcriptomic responses.

2.11 Biological Program Concordance Index

To quantify the preservation of immune-program organization between synthetic simulations and
human transcriptomic observations, we defined a Biological Program Concordance Index. The
BPCI integrates three complementary measures of biological agreement: rank concordance,
direction agreement, and top-program agreement.

First, rank concordance was computed using Spearman correlation between predicted immune-
program activation scores and observed baseline deviations. Spearman values were rescaled to the
0-1 interval:
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Second, direction agreement was computed as the proportion of immune programs showing
concordant activation direction relative to baseline:

Ndirection agreement

N

D=

Third, top-program agreement was computed as the overlap between the three highest-ranked
immune programs in the synthetic predictions and in the observed data:

_ |Ptop3 n 0t0p3|
B 3

The final BPCI was defined as a weighted composite score:



BPCI = 0.4R + 0.4D + 0.2T

The final score ranges from 0 to 1, where higher values indicate stronger biological concordance.
This metric was used to evaluate whether the mechanistically informed synthetic framework
reproduced the functional organization of vaccine-induced immune responses observed in
independent human single-cell data.

2.12 Statistical analysis

Descriptive statistics were computed for all simulated variables and generated endpoints.
Continuous variables were summarized using mean, standard deviation, median, and interquartile
range where appropriate.

Machine-learning performance was evaluated using the coefficient of determination and root mean
squared error. Associations between predicted and experimentally observed pathway activation
scores were assessed using Spearman correlation coefficients. Rank-based concordance measures
were used for biological program comparisons because the validation objective focused on
preservation of immune-program hierarchy rather than absolute transcriptomic magnitude.

Unless otherwise specified, all analyses were performed in R(28) version 4.6.0 (R Core Team,
2026), and figures were generated using ggplot2 (40).

3. Results

3.1 Construction of the virtual patient—formulation design space

To enable systematic exploration of RNA therapeutic formulations under heterogeneous biological
conditions, a virtual design space was generated by combining synthetic patient cohorts with a
broad landscape of candidate RNA—lipid nanoparticle (RNA-LNP) formulations (Figure 2).



Figure 2. Construction of the virtual patient-formulation design space
Virtual patients and RNA-LNP formulation candidates generated for downstreem safety—by-design analysis.
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Figure 2. Construction of the virtual patient and RNA-LNP formulation design space. (A) Distributions of the demographic and
latent immune-state variables used to represent inter-individual heterogeneity. (B) Descriptive stratification of virtual patients into
low-, intermediate-, and high-inflammatory-risk classes according to baseline inflammatory status. (C) Sampled RNA-LNP
formulation space defined by nanoparticle size, zeta potential, PEG molar fraction, and targeting-ligand status. (D) Marginal
distributions of the principal physicochemical formulation variables, showing coverage of the prespecified parameter ranges.

The wvirtual patient cohort comprised individuals with heterogeneous demographic and
immunological characteristics, including age, baseline inflammatory status, innate immune
reactivity, adaptive immune potential, and overall immune responsiveness (Figure 2A). These
variables were sampled from predefined probability distributions chosen to reproduce realistic
inter-individual variability while maintaining biologically plausible parameter ranges. The
resulting cohort covered a broad spectrum of immune phenotypes, providing a representative

substrate for downstream mechanistically informed analyses.

To facilitate downstream safety analyses, patients were additionally stratified into three baseline
inflammatory-risk classes (low, intermediate, and high) according to their simulated inflammatory
profile (Figure 2B). This stratification enabled candidate formulations to be evaluated across
individuals presenting distinct predispositions toward excessive inflammatory activation.



In parallel, a virtual formulation library was generated by sampling the multidimensional RNA-
LNP design space (Figure 2C). Candidate formulations spanned a wide range of physicochemical
properties, including particle size, surface charge (zeta potential), lipid composition, PEG-lipid
content, and the presence or absence of targeting ligands. Uniform sampling across the predefined
parameter ranges ensured broad coverage of the formulation landscape without introducing a priori
optimization bias.

The distributions of the principal formulation variables are summarized in Figure 2D. Together,
the virtual patient cohort and the RNA-LNP formulation library constitute the computational
design space used throughout subsequent synthetic multi-omics generation, explainable Al
analysis, and multi-objective optimization.

3.2 Mechanistically Informed Immune Signatures (MIIS)

Previously published UISS simulation outputs provided a high-dimensional mechanistic
representation of immune-response dynamics, capturing the temporal behavior of multiple
immune compartments and molecular mediators. Rather than comparing individual state variables
directly with transcriptomic measurements, these outputs were transformed into biologically
interpretable descriptors summarizing the major functional components of the immune response.
This feature-engineering strategy generated Mechanistically Informed Immune Signatures (MIIS),
providing a common biological representation for integrating mechanistic knowledge with
synthetic and experimentally derived transcriptomic programs.

The descriptor library included profiles for epithelial/target cells, helper T cells, cytotoxic T cells,
B cells, memory T cells, and immunoglobulin production. For each compartment, temporal
trajectories from the published UISS simulations were summarized using complementary
quantitative descriptors, including peak activation, mean activity, area under the response curve
(AUC), time-to-peak, and final activation state. These descriptors capture both response magnitude
and persistence without implying that new UISS trajectories were generated for every virtual
patient—formulation pair in the present study.

The extracted descriptors were aggregated into five higher-order Mechanistically Informed
Immune Signatures: early innate activation, cellular adaptive immunity, humoral response,
immune memory, and global immune persistence. These five MIIS summarize complementary
properties of the previously simulated immune trajectories and are distinct from the downstream
transcriptomic comparison programs. Through the predefined mapping described in Methods, the



MIIS subsequently informed the generation of interferon-response, inflammatory-response,
antigen-presentation, adaptive-immunity, and stress-response scores.

The resulting MIIS constitute the mechanistic knowledge layer used throughout the remainder of
the study. The downstream synthetic immune-program scores provide the common functional
space used for comparison with human transcriptomic data; consequently, retrospective validation

evaluates whether MIIS-informed synthetic profiles preserve biological program organization
rather than testing the five MIIS directly against gene-expression measurements.

The process used to derive the Mechanistically Informed Immune Signatures (MIIS) from the
previously published UISS simulations is illustrated in Figure 3.

Figure 3. Construction of Mechanistically Informed Immune Signatures
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Figure 3. Construction of Mechanistically Informed Immune Signatures (MIIS) from previously published UISS trajectories.
(A) Published temporal activation profiles from six immune compartments were summarized into five dynamic descriptors and
aggregated into higher-order MIIS that constrain the synthetic multi-omics layer. (B) Normalized peak, mean, area-under-the-
curve, time-to-peak, and final-activation descriptors for targeting-absent and targeting-present conditions. (C) MIIS scores for the
two targeting conditions. Filled blue points indicate targeting absent, open green points indicate targeting present.



3.3 Synthetic multi-omics landscape

The MIIS were subsequently translated into synthetic multi-omics profiles to evaluate whether the
framework could generate biologically structured immune-response landscapes rather than
isolated molecular features. The resulting synthetic dataset integrated transcriptomic profiles with
pathway-level immune-program scores representing interferon response, inflammatory response,

antigen presentation, adaptive immunity, and stress response.

Figure 4. Organization of the synthetic multi-omics landscape
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Figure 4. Organization of the MIIS-constrained synthetic transcriptomic landscape. (4) Heatmap of standardized activity scores
for five downstream immune programs across synthetic samples ordered by hierarchical clustering; the upper annotation indicates
inflammatory-risk class. (B) Principal component analysis of the standardized 50-feature synthetic transcriptomic matrix, colored
by inflammatory-risk class. Ellipses encompass 80% of each class under a multivariate normal approximation. (C) UMAP
projection of the same matrix, illustrating a continuous synthetic immune-state landscape and local neighborhood structure. These

visualizations are exploratory and were not used as predictors of the Random Forest surrogate.

Hierarchical clustering of pathway-level scores revealed a structured synthetic immune-program
landscape, with coordinated patterns of activation across biologically related immune programs
(Figure 4A). This organization indicates that the generated profiles preserved coherent
relationships among immune processes rather than reflecting random or independent variation.



Dimensionality-reduction analyses further supported the presence of structured biological
variability. Principal component analysis showed that synthetic transcriptomic profiles occupied a
continuous multidimensional space, with the first two components explaining a substantial fraction
of the total variance (Figure 4B). Samples were distributed across inflammatory-risk classes
without complete artificial separation, suggesting that the synthetic generator captured gradual
immune-state variation across virtual patients.

Consistently, UMAP projection confirmed the presence of a continuous immune-response
manifold, with local structure reflecting heterogeneous inflammatory-risk profiles (Figure 4C).
Overall, these results indicate that the MIIS-driven synthetic multi-omics generation step produced
biologically coherent and heterogeneous immune landscapes suitable for biological
characterization and retrospective consistency assessment.

These analyses characterize the biological organization of the MIIS-constrained synthetic profiles.
The synthetic multi-omics variables were not subsequently used as Random Forest predictors; the
surrogate-modeling analysis described below represents a complementary candidate-prioritization
branch based on formulation and latent immune-state variables.

3.4 Explainable AI modeling of the Safety-by-Design score

Under the primary formulation-grouped cross-validation scheme, the Random Forest model
explained 88.7% of the variance in out-of-fold Safety-by-Design scores (R? = 0.887), with an
RMSE of 0.055 and an MAE of 0.044 (Figure 5A). Performance was consistent across the five
folds, with a mean fold-specific R? of 0.886 (SD = 0.013) and a mean RMSE of 0.055 (SD =
0.002). These results indicate that the surrogate model retained strong predictive performance
when evaluated on RNA-LNP formulations that were entirely absent from the corresponding
training sets. In the patient-grouped sensitivity analysis, the model achieved a pooled R? of 0.973
and an RMSE of 0.027. The higher performance observed under patient-grouped validation is
expected because RNA-LNP formulations remain represented in the training data; this analysis



therefore assesses generalization across immune backgrounds rather than extrapolation to unseen
formulations.

Figure 5. Explainable Al prediction of the Safety-by-Design score
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Figure 5. Random Forest prediction and interpretation of the composite Safety-by-Design score. (4) Observed versus out-of-
fold predicted scores under five-fold cross-validation grouped by RNA-LNP formulation. The pooled out-of-fold performance across
10,000 simulated patient—formulation records was R? = 0.887, RMSE = 0.055, and MAE = 0.044. (B) Permutation-based predictor
importance from the final model fitted to all records. (C) Summary of the model architecture and primary validation design. The
final Random Forest model used 300 trees and 11 formulation and latent immune-state predictors.

Permutation-based feature importance from the final model identified zeta potential and
nanoparticle size as the dominant predictors, followed by targeting-ligand status and PEGylation
density (Figure 5B). The remaining lipid-composition variables and virtual-patient immune
attributes contributed more modestly to prediction. Together, these findings indicate that the
composite score can be approximated by an interpretable surrogate model while preserving a strict
separation between candidate formulations during primary performance assessment. These results
show that the surrogate model captures non-linear associations between RNA-LNP
physicochemical characteristics, heterogeneous latent immune states, and the composite SbD score
while retaining an interpretable predictor structure.



3.5 Pareto-based prioritization of RNA-LNP candidates

Multi-objective optimization identified a restricted subset of RNA-LNP formulations
simultaneously maximizing mean delivery efficiency and adaptive immune activation while
minimizing mean innate immune activation, cytokine burden, and off-target immune activation.
Among the 500 candidate formulations explored, 21 were classified as Pareto-optimal, indicating
that no alternative formulation improved all five endpoint objectives simultaneously (Figure 6A).

Figure 6. Pareto-based prioritization of RNA-LNP formulations
Multi-objective optimization identifies lead RMA-LNP candidates balancing delivery efficieancy and Safety-by-Design perfformancea.
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Figure 6. Pareto-based prioritization of non-dominated RNA-LNP formulations. (A) Two-dimensional visualization of all 500
formulations by mean delivery efficiency and mean Safety-by-Design score. Red points denote the 21 candidates classified as
Pareto-optimal using the five endpoint objectives, the connecting line is included only to aid visualization of their projection in this
two-dimensional space. (B) Normalized delivery efficiency and mean Safety-by-Design score for the highest-ranking Pareto-
optimal candidates. (C) Distribution of mean Safety-by-Design scores for all formulations and for the Pareto-optimal subset,
showing enrichment of higher-scoring candidates after five-objective Pareto filtering and score-based post hoc ranking.

The 21 non-dominated candidates defined the multi-objective trade-off surface, while their
subsequent ranking according to mean Safety-by-Design score identified a smaller set of
formulations combining high predicted delivery with favorable overall safety profiles (Figure 6A—
B). The distribution of Safety-by-Design scores showed that Pareto-optimal formulations were
enriched in the upper tail of the optimization landscape (Figure 6C), while retaining diversity
across the five endpoint objectives.



3.6 Retrospective biological consistency assessment of MIIS-informed
immune programs

To assess the biological plausibility of the synthetic multi-omics representations generated under
Mechanistically Informed Immune Signature (MIIS) constraints, we retrospectively compared five
downstream immune-program scores with the independent human single-cell RNA-seq dataset
GSE171964, which describes the temporal immune response following BNT162b2 vaccination.
The comparison therefore evaluates the biological organization emerging from the MIIS-informed
framework rather than a direct one-to-one correspondence between the five MIIS and individual
transcriptomic measurements.

Rather than treating validation as an absolute transcriptomic prediction task, pathway activation at
each post-vaccination time point was expressed as the deviation from the corresponding Day 0
baseline. This transformation isolated vaccine-associated changes from constitutive immune
activity and provided a common functional space for comparing synthetic and experimental
responses. Inspection of the observed transcriptomic trajectories revealed a coherent temporal
progression of the five downstream comparison programs (Figure 7A). Interferon signaling
showed the strongest early perturbation, followed by antigen-presentation and inflammatory
programs, whereas adaptive immunity developed more gradually and the stress-response program
remained comparatively modest. This pattern is consistent with the expected transition from early
innate activation toward a progressively established adaptive response after mRNA vaccination.



Figure 7. BPCl-based assessment of systems-level inmune-program consistency
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Figure 7. BPCI-based assessment of systems-level immune-program consistency. A) Mean deviations of five immune-program
scores from the corresponding Day 0 baseline in GSE171964. (B) Comparison of mean immune-program ranks derived from the
MIIS-informed synthetic profiles and human transcriptomic observations. (C) Weighted Biological Program Concordance Index
(BPCI) across seven post-vaccination time points. Values ranged from 0.57 to 0.88 (mean = 0.76), with the highest concordance
observed at Days 2, 22, and 28; the dashed line indicates the mean BPCI. (D) Temporal decomposition of the BPCI into rescaled
rank concordance, activation-direction agreement, and top-three program overlap. BPCI was calculated as (0.4R + 0.4D + 0.27),
where (R), (D), and (T) denote rescaled rank concordance, direction agreement, and top-three program overlap, respectively.

The relative hierarchy of the five immune programs was broadly preserved between the MIIS-
informed synthetic profiles and human transcriptomic observations (Figure 7B). Spearman rank
concordance across the post-vaccination trajectory ranged from 0.60 to 0.80, corresponding to
rescaled rank-component values of 0.80-0.90. Agreement among the three highest-ranked
programs ranged from 0.67 to 1.00, whereas activation-direction agreement showed greater
temporal variability, ranging from 0.20 to 0.80.



To quantify this systems-level agreement, we applied the Biological Program Concordance Index
(BPCI), which integrates three complementary components: preservation of immune-program
ranking, agreement in activation direction, and overlap among the three highest-ranked programs.
The resulting composite score ranges from 0, indicating no concordance, to 1, indicating complete
concordance. Using the prespecified weighted formulation, BPCI values ranged from 0.57 to 0.88
across the seven post-vaccination time points, with a mean of 0.76 (SD = 0.14; Figure 7C). The
highest concordance was observed at Days 2, 22, and 28 (BPCI = 0.88), whereas the lowest value
occurred at Day 21 (BPCI = 0.57). Decomposition of the index showed that rank concordance
remained consistently high, while temporal variation in the overall BPCI was driven mainly by
activation-direction agreement (Figure 7D).

Overall, these results indicate that the MIIS-informed synthetic framework preserves key aspects
of the systems-level organization of human vaccine-induced immunity despite not being trained
directly on experimental transcriptomic measurements. This retrospective assessment supports
interpretation of the framework as a functional representation of coordinated immune behavior
rather than as a predictor of exact experimental gene-expression values.

4. Discussion

The present study introduces a proof-of-concept Safety-by-Design architecture for the early
computational prioritization of RNA-LNP formulations, structured around two complementary but
methodologically distinct branches (Figure 1). In the candidate-prioritization branch, formulation
and virtual-patient variables are used to calculate a composite Safety-by-Design score, train a
Random Forest surrogate, and identify non-dominated formulations through Pareto-based multi-
objective analysis. In parallel, the biological-consistency branch transfers mechanistic immune
knowledge from previously published UISS simulations into MIIS-constrained synthetic multi-
omics representations and evaluates their systems-level concordance with independent human
transcriptomic data. This separation enables efficacy—safety prioritization and biological
plausibility assessment to contribute complementary forms of computational evidence without
conflating their inputs, objectives, or inferential roles.

Within the latter branch, UISS acts as a pre-existing mechanistic knowledge source rather than as
a newly executed simulation engine. Temporal immune trajectories generated in previously
published UISS simulations were summarized into dynamic descriptors and subsequently
condensed into five Mechanistically Informed Immune Signatures (MIIS): early innate activation,
cellular adaptive immunity, humoral response, immune memory, and global immune persistence
(20), (41). These signatures constrain the generation of synthetic molecular profiles, illustrating
how previously generated mechanistic knowledge can be transferred into downstream data-driven



analyses. However, this approach does not constitute candidate-specific UISS simulation of every
virtual patient—formulation pair evaluated in the present study.

The five mechanistic MIIS should be distinguished from the five downstream transcriptomic
comparison programs—interferon response, inflammatory response, antigen presentation,
adaptive immunity, and stress response. The former provide the mechanistic constraints used
during synthetic multi-omics generation, whereas the latter constitute the shared functional space
used for exploratory characterization and comparison with human transcriptomic observations. As
formally represented in Figure 1, neither the MIIS nor the synthetic multi-omics variables were
used as predictors of the Random Forest surrogate or as objectives of the Pareto analysis.

Figure 8 provides a complementary conceptual synthesis of the framework. By placing MIIS at
the center, the figure illustrates how previously published mechanistic immune trajectories are
translated into synthetic biological representations, interpreted alongside the parallel candidate-
prioritization branch, and compared with independent human transcriptomic observations. The
connections shown in Figure 8 therefore represent complementary analytical relationships rather
than a single sequential predictor flow.

Figure 8. MIIS provide an interpretable bridge between mechanistic simulations and human transcriptomics
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Figure 8. Mechanistically Informed Immune Signatures provide an interpretable bridge across the proposed computational
framework. Previously published UISS immune trajectories are summarized into five MIIS that constrain the generation of
synthetic multi-omics representations and support systems-level comparison with independent human transcriptomic data. The
explainable artificial intelligence and Pareto-optimization module represents the parallel candidate-prioritization branch and is
shown to contextualize its complementary role within the overall framework; MIIS and synthetic multi-omics variables are not used
directly as Random Forest predictors or Pareto-dominance objectives. Together, the two analytical branches provide
complementary evidence for computational prioritization and biological consistency assessment.

The surrogate-modeling results indicate that the composite Safety-by-Design score can be
approximated accurately within the simulated design space when formulation-level information
leakage is controlled. Five-fold cross-validation grouped by RNA-LNP formulation yielded a
mean R? of 0.886 (SD = 0.013) and a mean RMSE of 0.055 (SD = 0.002). The subsequent five-
objective Pareto analysis retained 21 of the 500 candidate formulations. These findings support
the computational utility of the workflow for candidate prioritization but should be interpreted as
internal performance within a synthetic, assumption-constrained environment rather than as
evidence of clinical predictive accuracy.

Retrospective analysis using GSE171964 provided an independent systems-level biological
consistency assessment (21). The MIIS-informed synthetic profiles preserved the broad hierarchy
of vaccine-associated immune programs, with the interferon response emerging as the dominant
program and antigen-presentation and inflammatory responses occupying intermediate positions.
Using the prespecified weighted formulation, BPCI values ranged from 0.57 to 0.88 and reached
their highest values at Days 2, 22, and 28. This degree of agreement supports biological plausibility
at the immune-program level without implying direct reconstruction or prediction of experimental
transcript abundances.

A second methodological contribution is the Biological Program Concordance Index. Rather than
relying on a single global correlation coefficient, the BPCI integrates immune-program rank
concordance, activation-direction agreement, and overlap among the three highest-ranked
programs. The index therefore summarizes complementary aspects of biological organization,
although its weighting scheme and interpretation remain methodological choices that require
evaluation in additional datasets and biological contexts.

More broadly, the results suggest that validation of mechanistically informed computational
frameworks may benefit from complementing transcript-level metrics with assessments of
coordinated biological organization. Biological systems are dynamic, stochastic, and
heterogeneous, and different molecular trajectories may converge on similar functional states.
Preservation of systems-level organization can therefore provide information not captured by
direct gene-wise comparisons, consistent with the principles of systems biology (41). It should be
regarded as a complementary validation perspective rather than a replacement for molecular and
experimental validation.

The virtual patient component extends the framework by representing heterogeneous latent
immune backgrounds during candidate evaluation. Combined with explainability-oriented



modeling and Pareto-based prioritization, this structure permits exploration of trade-offs across
multiple formulations and immune contexts. Nevertheless, the virtual cohort reflects prespecified
probability distributions rather than a calibrated clinical population, and the resulting heterogeneity
should be interpreted as structured scenario exploration.

The framework is aligned with the objectives of New Approach Methodologies and Model-
Informed Drug Development (17,18) by providing a transparent computational layer for
hypothesis generation and early candidate prioritization. Its role is to complement laboratory
studies and help focus experimental resources; it cannot establish formulation safety, efficacy,
biodistribution, or clinical benefit independently.

The architecture is intentionally modular and could incorporate alternative mechanistic simulators,
richer multi-omics generators, other artificial-intelligence models, or additional optimization
criteria. Future work should dynamically couple candidate-specific mechanistic simulations with
experimentally calibrated molecular data, prospectively test prioritized formulations, and evaluate
MIIS and BPCI across additional RNA platforms, cohorts, dosing regimens, and disease contexts.
Such extensions will determine whether the proposed representation and validation strategy can
generalize beyond the current proof-of-concept setting.



5. Limitations

Several limitations define the scope of this proof-of-concept study.

First, MIIS were derived from previously published UISS simulations rather than from candidate-
specific simulations of every virtual patient—formulation pair. Formulation-dependent feedback on
mechanistic immune dynamics is therefore represented indirectly. Future implementations should
dynamically couple candidate-specific UISS simulations with the optimization pipeline.

Second, the synthetic multi-omics generator is deliberately simplified and assumption driven. Its
50-gene transcriptomic layer, predefined immune programs, and imposed stochastic variation
should be interpreted as functional synthetic representations rather than predictions of real gene
expression, cell-type-specific responses, or full biological complexity.

Third, the virtual patient and formulation libraries were generated from prespecified distributions
and parameter ranges rather than calibrated against clinical cohorts or experimental formulation
databases. Moreover, empirical min—max normalization makes the Safety-by-Design score relative
to the simulated design space rather than to an externally calibrated clinical scale. Although
normalization parameters were fixed and reused across downstream subsets, external calibration
and sensitivity analyses will be required to assess robustness and applicability beyond the current
ranges.

Fourth, retrospective biological consistency assessment relied on a single human scRNA-seq
dataset describing responses to BNT162b2 vaccination. The BPCI weighting scheme has not yet
been externally validated; its generalizability should therefore be evaluated across additional
cohorts, RNA platforms, disease settings, and experimental datasets.

Finally, the framework focuses on immune-related efficacy and safety surrogates and does not
explicitly represent pharmacokinetics, biodistribution, dose—exposure relationships, repeated
dosing, manufacturing constraints, or patient-specific genetic determinants. The strong Random
Forest performance reflects internal prediction within a synthetic design space and does not
establish prospective or clinical validity. Accordingly, the framework is intended for hypothesis
generation and early candidate prioritization, while experimental confirmation remains essential.

6. Conclusions

We developed a proof-of-concept Safety-by-Design framework for early computational
prioritization of RNA-LNP formulations by integrating synthetic virtual patients, a virtual



formulation design space, mechanistic descriptors from previously published UISS simulations,
MIIS-constrained synthetic multi-omics, explainability-oriented artificial intelligence, Pareto-
based prioritization, and retrospective biological consistency assessment.

MIIS provide the central interface between the pre-existing mechanistic knowledge layer and
downstream synthetic molecular representations. The five mechanistic signatures are distinct from
the five transcriptomic comparison programs that they constrain, allowing mechanistic
interpretability to be maintained while generating biologically interpretable synthetic data suitable
for exploratory and validation analyses.

Within the simulated design space, grouped Random Forest validation showed strong surrogate-
model performance and Pareto analysis identified a restricted set of non-dominated RNA-LNP
candidates. These results demonstrate the utility of the architecture for structured computational
screening while remaining conditional on the assumptions used to generate the virtual cohort,
formulations, and response variables.

Retrospective comparison with independent human single-cell transcriptomic data showed
preservation of the relative organization of vaccine-associated immune programs, with BPCI
values ranging from 0.57 to 0.88 across the analysed time points (mean = (0.76) and the highest
concordance observed at Days 2, 22, and 28. The BPCI therefore offers a transparent systems-level
summary of biological consistency, but its broader validity must be established through external
and prospective evaluation.

The framework is not intended to replace experimental studies or to provide direct clinical
predictions. Its immediate value lies in organizing mechanistic knowledge, synthetic data
generation, explainable modeling, and multi-objective prioritization within a reproducible
workflow that can guide hypothesis generation and focus subsequent laboratory testing.

Future work should incorporate candidate-specific mechanistic simulations, empirically calibrated
virtual populations and formulation priors, richer molecular representations, and validation across
additional datasets and RNA platforms. These developments will determine the translational value
of MIIS and the BPCI within model-informed drug development and New Approach
Methodologies.
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