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Chapter | - Introduction

1 XNA in Therapy

The emergence of nucleic acids as therapeutics has fundamentally reshaped how we
understand and treat disease. Targets long considered undruggable are becoming
tractable, opening mechanism-based options for patients like recent successful treatments
o f -thélassemia® and heterozygous familial hypercholesterolemia? could show. While the
first promising trials were conducted deoxyribonucleic acid (DNA)-based®#, the most rapid
advances in recent years have come from ribonucleic acid (RNA), whose diverse roles in
gene regulation make it a particularly versatile therapeutic substrate. RNA modalities,
including messenger RNA (mRNA), small interfering RNA (siRNA), and antisense
oligonucleotides (ASOs), enable direct, programmable modulation of gene expression with

tunable duration, driving a broad wave of innovation across indications (Figure 1.1).

During the COVID-19 pandemic, mRNA platforms provided a definitive proof-of-concept for
the rapid development and deployment of novel vaccines®®. As a therapeutic modality,
MRNA enables transient, in vivo expression of defined proteins and is therefore well suited
to protein-replacement strategies. Ongoing clinical programs are evaluating mRNA for
monogenic metabolic disorders such as propionic acidemia’, methylmalonic acidemia®, and

ornithine transcarbamylase deficiency?®.

While mRNA has shown clear success in protein-replacement therapy, gene-silencing
approaches are suited to diseases driven by toxic, mutant, or dysregulated gene
expression. Two widely used oligonucleotide modalities are antisense oligonucleotides
(ASOs) and small interfering RNAs (SiRNAs). ASOs are single-stranded, chemically
modified oligomers that act either by RNase H1-mediated cleavage of the target RNA or by
steric blocking to modulate pre-mRNA splicing or inhibit translation. These mechanisms
occur primarily in the nucleus and can also operate in the cytoplasm°. In contrast, siRNAs
are double stranded RNAs that engage the RNA-induced silencing complex (RISC). After
guide-strand loading into Argonaute-2, the complex cleaves complementary cytosolic

mRNA, leading to its degradation and durable gene silencing®.
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Although nucleic-acid therapeutics are among the most promising drug classes of this
century, delivery remains the principal hurdle. Ubiquitous endo- and exonucleases, rapid
renal clearance, and innate immune recognition can degrade or eliminate nucleic acids
before cellular uptake. Chemically modified ASOs and N-acetylgalactosamine (GalNAc)i
conjugated siRNAs can often be dosed subcutaneously without a vector for hepatocyte
targets via asialoglycoprotein receptor (ASGPR)!?, whereas most other modalities (e.g.,
MRNA, plasmid DNA) and extrahepatic siRNA delivery still require dedicated delivery

systems.

Viral vectors leverage evolved entry mechanisms and showed great success by offering the
vector for the first gene therapy ever approved!®, but face constraints related to
immunogenicity'*, manufacturing complexity?®, and payload limits®, motivating alternative
strategies. Non-viral carriers offer modular design, scalable manufacturing, and
opportunities for targeting while mitigating several safety concerns associated with viral

delivery.
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Figure 1.1: Therapeutic functionalities for different nucleic acids. mRNA (left) is translated by cytosolic ribosomes
to produce protein. siRNA (middle) is loaded into Argonaute to form the RNA-induced silencing complex (RISC),
which directs sequence-specific cleavage and degradation of complementary mRNA. Antisense
oligonucleotides (ASOs, right) bind target RNA to induce RNase Hi mediated degradation or sterically block key
processes such as translation or splicing.

2 Nanocarriers

Early non-viral nucleic-acid delivery in the 1960s used liposomes, simple polycations such
as poly-L-lysine (PLL) and poly-L-ornithine (PLO)*’, and calcium phosphate precipitation?®.
Today the field is dominated by polycationic polymers and lipid assemblies, especially lipid

nanoparticles (LNPS).

Polymers are well-studied vehicles for encapsulating and delivering nucleic acids. Their
chemical tunability, architectural control, and colloidal stability are major advantages and
have led to a wide variety of polymeric nanocarriers over the years'’:'°. Polyethylenimine

(PEI), discovered as carrier 1995, was first used for efficient DNA transfection?® and later
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adapted for mRNA?! and siRNA?2, Its high density of protonatable amines enables strong
condensation and protection and supports endosomal escape via hypothesized proton-
sponge effect, but this same feature is linked to cytotoxicity>®?* and the lack of
biodegradability®f ur t her r ai ses s adminoesters) (PBAES),whichwerePo |l y ( b
introduced as gene carrier by Lynn and Langer in 20002, offer a biodegradable alternative.
Their ester bonds hydrolyze into small by-products, and the chemistry is highly tunable via
side-chain, backbone, and end-group modifications and through formulation choices. In
addition, many PBAEs exhibit buffering capacity near endosomal pH, which can aid
endosomal escape while maintaining a more favourable safety profile?”. While promising,
cytotoxicity concerns and reproducibility issues still limit the application of polymeric
nanocarriers in clinical trials?®. By contrast, lipid-based systems like liposomes and
especially lipid nanoparticles (LNPs) have achieved the fastest clinical progress,
exemplified by patisiran (Onpattro)?°, approved in 2018 for polyneuropathy in adults with
hereditary transthyretin-mediated amyloidosis (hATTR), and by the LNP-based mRNA
COVID-19 vaccines BNT162b2% and mRNA-1273°. Lipid nanoparticles (LNPs) typically
comprise four components: an ionizable lipid that complexes the nucleic acid and promotes
endosomal escape via pH-triggered protonation, a helper phospholipid, cholesterol (or a
related sterol) to modulate membrane packing, and a PEG-lipid for steric shielding and
colloidal stability®°. While this platform is highly successful, optimizing four interdependent
constituents remains non-trivial and remains a challenge especially in optimization. Lipo-
xenopeptides offer a compelling alternative: like polymers they enable one-component
formulations, yet, thanks to solid-phase synthesis, their molecular weight and composition
are precisely defined. Thalmayer et al.>* demonstrated stable lipopolyplex formation with
promising in-vitro and in-vivo performance across multiple cargos. Still, safety metrics have
not yet reached clinically relevant thresholds, and scaling production while preserving
sequence fidelity may be challenging. Nanocarriers face multiple, interlocking hurdles:
maintaining chemical and colloidal stability within a defined window, achieving an
appropriate p K r ange? dnd overconhing rpgoely usdersteod hi n g
mechanisms like endosomal escape and subsequent cytosolic release ultimately govern
efficacy®***. Manufacturing, transport, and storage further shape performance through
process and logistics variables (e.g., mixing regime, sterile filtration, lyophilization, and cold-
chain requirements)®'3”. Consequently, nucleic-acid formulation with nanocarriers is a

multidimensional, multi-objective optimization problem spanning molecular design, process
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engineering, and use-context parameters (route of administration, dose, repeat dosing, and

target tissue), all of which interact to determine required outcomes.
3 Discovery and Optimization of RNA Formulations

As described above formulation optimization is a multi-stage problem coupling chemistry,
mixtures into a single, high-dimensional problem. While performance is driven by the
properties of the chemical compounds and the cargo, the formulation process itself plays a
major role as well. The manufacturing of nanopatrticles, especially LNPs, is typically carried
out with microfluidic devices®%, where chip architecture and process conditions determine
particle characteristics such as size, polydispersity index (PDI), encapsulation efficiency
and biodistribution*®4!, Whereas manufacturing conditions like flow-rate ratio (FRR) and
total flow rate (TFR) can usually be treated as continuous variables, molecular identities are
more complex and clearly multidimensional. Optimization therefore often treats them as
discrete choices for simplicity, risking a loss of chemically relevant information.
Compounding this, the ratios of components used in the formulation are crucial and add

further complexity.

There are three conventional approaches commonly used for formulation optimization. The
classical lab-scale route is adjustment of one factor at a time (OFAT). While this enables
sequential tuning, from chemistry to formulation and subsequent post-processing such as
drying, OFAT ignores factor interactions and almost invariably misses global optima, which
is critical in any true optimization. High-throughput screening (HTS) addresses this by
sampling many potential carriers and, ideally, varying process conditions in parallel?”4243,
However, HTS requires equipment that is not available in every laboratory and can be
material-intensive when the experimental grid is narrow. Moreover, selection of the
screening grid often relies more on educated guesses than on systematic, quantitative
design and is therefore prone to bias. Design of Experiments (DoE) reduces the number of
required experiments by using statistical designs that balance information gain against
experimental effort while post-analysis then fits response surfaces that provide process
insight and help identify sweet spots**. Additionally, the opportunity to use different designs
like full factorial, latin hypercube and mixture design, to just mention a few, increases the
flexibility when solving different types of problems. Although DoE is frequently considered

a gold standard in industrial formulation work, it benefits from prior knowledge of the
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process, and the often complex, high-dimensional response landscape can still demand a
large number of experiments. In practice, DoE is therefore often applied to individual sub-

tasks only*54¢,

Nevertheless, data-driven decision-making is both relevant and beneficial. Machine learning
(ML), as a branch of artificial intelligence (Al), offers ways to uncover patterns in complex
processes and is an attractive tool that can be adapted to the needs of formulation science,
potentially enabling global optimization as well as explainability (Figure 1.2). In the next
section, ML is briefly introduced, and Section 6 outlines how ML helps treat molecules as

informative data, an aspect typically lacking in the conventional methods described above.
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Figure 1.2: Comparing optimization strategies. Classical one-factor-at-a-time (OFAT) varies a single variable
while holding others constant, often missing interactions and trapping the search near local optima. Design of
Experiments (DoE) systematically samples the factor space, enabling interpolation and estimation of
interactions via response surfaces. Data-driven and machine-learning workflows build on these data to iteratively
propose new experiments, improving efficiency and increasing the likelihood of identifying the global optimum.

4 Machine Learning

Machine learning is, strictly speaking, an intersection of software development and data
science. It designs algorithms that learn from data to forecast outcomes for unseen
instances. A model learns to predict a target value, often called the label y, based on
available information represented by known variables or features X. During training the
model receives a dataset with known y values and attempts to predict them. The error is
computed with a loss function, and the model is optimized to reduce this loss. In general,
machine learning can be viewed as a process whose goal is to minimize a loss. This

description refers to supervised learning, which is one of the largest areas of applied

30



machine learning and the focus of this section. It is also important to distinguish regression,
where the target is continuous, from classification, where the target consists of discrete

classes.

The usual workflow begins with careful data cleaning to remove errors and duplicates,
followed by a split into training and test sets. This split is essential for assessing
generalizability beyond the data seen during training and for detecting overfitting. Overfitting
occurs when a model learns noise in the training set and then performs poorly on new data.
After the split, the model is trained and its hyperparameters are tuned. Hyperparameters
are settings that are chosen before training rather than learned during training. A common
approach is K fold cross validation, where the training data is divided into K folds. Each fold
is used once for evaluation while the remaining folds are used for training, and this
procedure is repeated across all candidate hyperparameter settings. The process is

illustrated in Figure 1.3.

Model choice also matters. The No Free Lunch theorem*’ states that no single model is
universally superior and that the best choice depends on the data. Linear regression fits a
linear relationship by learning a parameter vector that minimizes a squared loss. For small
datasets with moderate dimensionality one can solve directly with the normal equation. The
linear model can be extended by mapping features into polynomial bases. This can improve
accuracy but also raises the risk of overfitting. For classification, logistic regression applies

a sigmoid function to produce probabilities and then assigns classes using a threshold.

Tree based models split data into leaves using a loss such as the Gini impurity for
classification or the squared error for regression. Individual decision trees are flexible but
can overfit, which motivates regularization. Strong regularization can then underfit. Two
ensemble strategies address this tension. Bagging, as in Random Forests*3, trains many
trees on resampled data or feature subsets and averages their predictions. Boosting trains
trees sequentially, each one focusing on the errors of the previous model. Prominent

examples for boosting are XGBoost*®, LightGBM®* and CatBoost®’.

Kernels provide another elegant route to nonlinearity. A kernel defines a similarity between
points that corresponds to an inner product in an implicit feature space. This idea enables

algorithms that depend only on inner products to model complex relationships without
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explicitly constructing high dimensional features. Examples include the support vector

machine and kernel ridge regression.

Artificial neural networks, especially deep and transformer-based models, are the most
widely used approach for state-of-the-art results in vision, natural language processing
(NLP), and speech, and they underpin current generative-Al systems deployed across
industry®2. A neural network consists of layers of units connected by weights. Each unit
aggregates inputs, multiplies them by learnable weights, adds a bias, and applies a
nonlinear activation function. Training proceeds by computing a loss on a sample or a batch
of samples, then updating the weights using gradient descent with backpropagation®3. Many
architectures exist for specific data types, including convolutional neural networks for
images®* and graph neural networks for relational data®®. Neural networks in general often
excel with large datasets®®, though they can also be effective with small datasets when

carefully designed and regularized®” *° ,

The final topic in this section is active learning, which is particularly useful for laboratory
workflows. Active learning uses model predictions and the estimated uncertainty to select
new experiments that are expected to be informative. An acquisition function balances
exploration of uncertain regions and exploitation of promising candidates. This strategy can
accelerate tasks such as optimizing nanoparticle uptake® , guiding molecular design for
material®® discovery or optimizing chemical synthesis reactions®2.
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Figure 1.3: Simplified data workflow. After assembly, records are cleaned by removing errors and duplicates
and imputing missing values. The curated dataset is split into training and test sets. The training set is used for
feature engineering, model selection, and hyperparameter tuning via cross-validation, then the final model is fit
on the full training data. Performance is evaluated once on the hold-out test set and summarized for comparison.
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5 Machine Learning in Molecular Sciences

Machine learning can in principle be applied to almost any task if the data are reliable.
Working with molecules is more demanding because the model needs an input
representation that exposes chemically meaningful patterns. The act of turning a molecule
into a machine readable vector is called featurization. A common strategy is to encode
molecules as binary vectors known as fingerprints. Molecular ACCess System (MACCS)
keys® use a fixed dictionary of structural motifs and set a bit to one when the motif is present
and to zero when it is absent. Pharmacophore fingerprints® emphasize features that drive
receptor interactions such as hydrogen bond donors and acceptors, aromatic systems,
positive or negative centers, and their pairwise distances on the molecular graph. Morgan
fingerprints® capture local neighborhoods by enumerating circular subfragments around
each atom up to a chosen radius and mapping them to a bit vector through a deterministic
hash. This approach is efficient and expressive, with collisions as the main limitation. Many
other fingerprints exist, including ones that incorporate three dimensional information or
encode protein ligand interactions, and the examples here are only illustrative. Molecular
descriptors provide another route. Instead of presence or absence of patterns they
summarize properties as numbers. Simple descriptors include molecular weight or formal
charge. Intermediate ones rely on estimated surfaces and volumes, for example topological
polar surface area®. More complex families arise from matrices built on the molecular graph
or on three dimensional coordinates. Examples include descriptors derived from the
adjacency matrix, BCUT eigenvalue descriptors from Burden matrices®’, or WHIM
descriptors® that summarize the covariance of atom coordinates possibly weighted by

charges or masses.

The rise of neural networks popularized graph based encodings. A molecule can be viewed
as a graph with atoms as nodes and bonds as edges. Graph neural networks learn atom
level and bond level representations through message passing®® or attention’® and train end
to end so that the learned encoding directly supports the prediction task through
backpropagation. Modern variants can learn from unlabeled data’, incorporate three

dimensional information in an equivariant way’?, or model higher order interactions’s.

Featurizing whole formulations is even more challenging because one usually works with
mixtures at specific ratios. The representation must capture both the identity of each

component and its proportion. One can append mixture ratios to the molecular vectors,
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embed the ratio into each component feature before aggregation, or let the model learn how
to combine components through a permutation invariant set encoder with ratio based

weights’.

In drug delivery the manufacturing process often matters as well. Process variables such
as flow rate ratio and total flow rate influence particle size, polydispersity, and surface
potential, so a practical feature set needs to include both chemistry and process. Designing

such joint representations remains a central challenge for machine learning in formulation

@

Hash Function

science.

Molecular Fingerprints
Bitwise

lel-1-]-]
Lel=[=]=]-]

Molecular Descriptors
Continous

o -
Descriptor
Calculation

Continous

1) Graph Representation
2) Node Aggregation
3) Fully-Connected Layer

14
o _ I =—

Figure 1.4: Molecular featurization. lllustrative encodings of molecules: (1) hashed binary fingerprints capturing
substructures and topology, (2) physicochemical and structural descriptors computed from 2D/3D properties,
and (3) learned representations from graph neural networks that operate directly on the molecular graph.
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6 Aim of the Thesis

The aim of this thesis is to explore how machine-learning (ML) workflows can be
systematically integrated into the formulation and discovery of RNA nanocarriers. While ML
is highly efficient, it is also data-dependent and requires substantial effort in experimental
design, data preparation, and iterative refinement. By investigating and critically assessing
different data-driven approaches across multiple case studies, this work aims to identify

where and how ML can meaningfully accelerate nanocarrier development.

Chapter 1l highlights the potential of a classical data-driven approach, Design of
Experiments (DoE), to control and explain the synthesis and behaviour of PBAEs as
polymeric carriers for siRNA delivery. In addition, a custom data-driven method is

established to estimate blend characteristics in step-growth polymerisation.

Chapter Il demonstrates the benefits of applying ML pipelines to the same PBAE dataset,
leveraging prior data when new labels become available or when the data no longer fit the
original DoE. ML-based optimisation of synthesis parameters is investigated for its potential

to improve key in vitro and in vivo readouts.

Chapter 1V describes the integration of historical data into carrier discovery workflows,
followed by the synthesis and in vitro/in vivo validation of the prioritised candidates,

illustrating how legacy datasets can guide new formulation efforts.

Chapter V presents the development of a novel software framework that optimises PBAEs
in silico by combining delivery-specific molecular dynamics (MD) challenges with
experimentally calibrated ML optimisation and validates the resulting predictions

experimentally.

Chapter VI further explores MD/ML integration by introducing 4D QSTR (quantitative
structureri transfection relationship), an approach that aggregates dynamic molecular
information across MD frames and allows the identification of significant events by

comparing different MD challenges, time windows, and data-splitting strategies.

Chapter VIl investigates meta-learning as a potential solution to batch effects when merging

heterogeneous, noisy datasets and evaluates its use in active-learning workflows for
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formulation discovery. Furthermore, novel lipids are synthesised and tested to demonstrate

the practical relevance of these methods in very low-data regimes.

Chapter VIII summarizes the findings and provides additional remarks, conclusions and a
brief outlook on potential future directions.

36



Chapter Il - Design of Experiments Grants Mechanistic
Insights into the Synthesis of Spermine  -Containing PBAE

Copolymers
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2 Abstract

Successful therapeutic delivery of siRNA with polymeric nanoparticles seems a promising
but not vastly understood and complicated goal to achieve. Despite years of research, no
polymer-based delivery system has been approved for clinical use. Polymers, as a delivery
system, exhibit considerable complexity and variability, making their consistent production
a challenging endeavor. However, a better understanding of the polymerization process of
polymer excipients may improve reproducibility and material quality for more efficient use
in drug products. Here, we present a combination of Design of Experiment and Python-
scripted data science to establish a prediction model, from which important parameters can
be extracted that influence the synthesis results of poly-beta-amino esters (PBAES), a

common type of polymers used preclinically for nucleic acid delivery. We synthesized a
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library of 27 polymers, each one at different temperatures, with different reaction times and
educt ratios using an orthogonal central composite (CCO-) design. This design allowed a
detailed characterization of factor importances and interactions using a very limited amount
of experiments. We characterized the polymers by analyzing the resulting composition by
1H-NMR and the size distribution by GPC measurements. To further understand the
complex mechanism of block polymerization in a one-pot synthesis, we developed a python
script that helps to understand possible step-growth steps. We successfully developed and
validated a predictive response surface and gathered a deeper understanding of the
synthesis of polyspermine-based amphiphilic PBAEs.

Keywords: DOE, Python, polymer synthesis, polyplexes, siRNA, drug delivery

3 Introduction

Since the SARS-CoV-19 pandemic, the delivery of ribonucleic acid (RNA) by nanoparticles
has become an ever more rapidly developing field of research. Up to now, the clinically
approved drug delivery systems for RNA drugs are all based on Lipid Nanopatrticles (LNP)
technology”™ . However, LNPs face problems with regard to storage and stability’” and
encapsulate only a very low drug load of approximately 4% w/w. Polymeric delivery
systems, such as poly(beta)aminoesters (PBAES), that were initially designed by the group
of Robert Langer in 2000%° represent a reasonable and well-studied alternative. In general,
this type of polymer is easy to synthesize and in the past, end-capped homopolymers™ and
co-polymers®® showed promising transfection on DNA®, mRNA®? and siRNA® in in vitro and
in vivo models®. However, synthesis of polymers, especially copolymers is hard to control
84 and often leads to a mixture of different molecular weight and composition species®. This
is undesirable, since these factors decrease reproducibility on the one hand but govern the
ability to deliver the cargo to target cells® and the level of toxicity?”® on the other hand.
Furthermore, they complicate a clean correlation between species and activity. Therefore,
a strategy is needed that helps control and reveal the underlying mechanisms of step-
growth polymerization and help understand the process. To do so, often dozens of

experiments are needed to interpret and predict all the possible influencing factors.

For many years the help of Design of Experiment (DoE)?® has been used to decrease the
number of necessary experiments to address a problem and to help analyze important

factors as well as define predictive models that can design an accurate response surface
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that is used to make assumptions about future experiments and helps therefore to reduce

the waste of resources and to improve sustainability of chemical synthesis.

In recent years, the combination of data science and high throughput synthesis allowed for
a significant knowledge gain in the field of nanomedicine®™2 This approach can be
extremely useful since it allows for optimized decision in situations, where it is rather
complicated to understand the mechanistic insights of how nanocarrier design influences
the delivery of cargo®. DoE can also be applied here to guide scientists in designing the
experiments to achieve optimization and valuable insights into complex processes®. In
our work, we aim to use these tools to face difficult tasks in polymeric delivery such as
controlling and understanding the synthesis of amphiphilic co-polymers® and their

molecular weight distribution®®.

To demonstrate how data science can be used to understand and facilitate complicated
scientific questions such as the controlled synthesis of block co-polymers for the
encapsulation of RNA, we synthesized spermine- and oleylamine-modified PBAE-based
co-polymers using DoE to iterate over a variable space with reasonable ranges for synthesis
parameters including temperature, reaction time and the ratio of monomers, that influence
the characteristics of the synthesized materials®” %. Spermine was chosen as a body-own
polycation to enhance RNA encapsulation efficiency and oleylamine to introduce
hydrophobicity into the resulting polyplexes to facilitate the endosomal escape,
demonstrated by previous work from our group®. As readout, we selected the final
composition of blocks in the resulting polymer and different results from the size
measurements of the polymer. For analysis we used multiple linear regression to generate
a Response Surface Model and made use of different estimators that allow insights into the
variables, which were most important for the prediction. To gather more information about
possible structures, we designed a Python script that proposes possible polymeric
compositions for Gel-Permeation-Chromatography (GPC) peak sequences. This approach
was chosen to help interpret the often quite hard to analyze GPC chromatograms of co-
polymers. Finally, we developed an assay that is able to mimic intracellular unpackaging of
siRNA from polyplexes. This work presents a method to handle limited data effectively by
using DoE and open source python libraries to facilitate the understanding and the analysis

of complex synthesis mechanisms.
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4 Methods and Materials

4.1 Materials

Di-tert-butyl decarbonate, oleylamine, spermine, dimethylformamide (99,5% pure) and
SYBR Gold Nucleic Acid Gel Stain were purchased from Fischer Scientific (Hampton, NH,
USA). Ethyl trifluoroacetate, sodium chloride, heparin sodium salt 180 USP units/mg and
Triton-X 100% solution were bought from Sigma Aldrich (Taufkirchen, Germany) and 1,4-
butanendiol diacrylate was obtained from TCI Chemical Industry Co., LTD (Tokio, Japan).
Triflouroacetic acid (99,9%, extra pure) was purchased from Acros Organics (Geel,
Belgium). Methanol-d6 was obtained from Deutero (Kastellaun, Germany). Dichlormethane,
methanol, ammonia, potassium permanganate, magnesium sulfate, acetone, pentane and

formic acid (>99% pure) were purchased from VWR Chemicals (Ismaning, Germany).

4.2 Triboc -spermine synthesis

Tris(tert-butoxycarbonyl)spermine, abbreviated as tri-Boc-spermine (TBS) was synthesized
as described elsewhere'®. In brief, spermine (1 eq) was dissolved in methanol and stirred
at -78 °C, ethyl trifluoroacetate (1 eq) was added dropwise subsequently and stirred at - 78
°C for 1 h, then 0 °C for 1 h. Without isolation, di-tert-butyl dicarbonate (4 eq) was added
dropwise to the solution and stirred at room temperature for 2 days. Finally, the solution
was adjusted to a pH above 11 by 25% ammonia and stirred overnight to cleave the
trifluoroacetamide protecting group. The mixture was then evaporated under vacuum and
the residue was diluted with dichloromethane (DCM) and washed with distilled water and
saturated sodium chloride aqueous solution. The DCM phase was finally dried by magnesia
sulfate and concentrated to give the crude product. The crude product was purified by
column chromatography (CH2CI2\MeOH\NH3, aqg. 7:1:0.1, SiO2, KMnO4; Rf = 0.413). TBS

was isolated and characterized by 1H nuclear magnetic resonance spectroscopy (*H-NMR).

4.3 Polymer synthesis and characterization

Poly-spermine-co-oleylamine beta-aminoesters (P(SpOABAE)) were synthesized based on
a previously described approach®®’. Briefly, TBS as hydrophilic monomer, oleylamine (OA)
as hydrophobic monomer and 1,4-butanendiol diacrylate (DA) were mixed in different molar
ratios in dimethylformamide (DMF) resulting in total concentrations of 300 mg/mL. Polymers

were stirred at different temperatures and for different durations (Compare Table 11.1). After
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the respective reaction time, mixtures were transferred to petri dishes to evaporate the
solvent. The subsequent deprotection of the polymer was carried out in a mixture of 20 ml
dichloromethane (DCM) and 1 ml trifluoroacetic acid (TFA) for 100 mg polymer, followed by
stirring for 2 hours at room temperature. In the following, DCM/TFA was evaporated and
the dry deprotected product was precipitated 3 times in pentane using acetone to dissolve
the precipitate (Figure Il.1a). Supernatants were discarded and the final precipitate was
dried for 2 days under vacuum (room temperature, 20 mbar). Final polymers were
characterized by *H-NMR (Figure 11.S1) and GPC. Measurements were performed with an
Agilent agueous GPC using a PSS Novema max Lux 100A followed by two PSS Novema
max Lux 3000A columns. The chromatographic system and calibration standards were set
up according to pre-analysis from Agilent Technologies on P(SpOABAE) polymers.
Measurements were performed at 40°C in 0.1 M sodium chloride solution supplemented
with 0.3% formic acid. Samples were prepared at 4 g/L and measured at a flow rate of 1
mL/min. Molar mass distributions were obtained through the Agilent WinGPC software
against pullulan calibration standards in the range of 180 Da to 1450 kDa. A daisy-chain
detector setup of an Agilent 1260 VWD was used followed by an Agilent 1260 GPC/SEC
MDS and ending with an Agilent 1260 RID.

4.4 Design of Experiment
A Response Surface Method (RSM)'°* was applied using the MODDE Pro 13.0.2

(Sartorius Data Analytics, Goéttingen, Germany) software. Briefly, four critical process
parameters (CPP) at three levels were chosen based on their theoretical impact on the
critical quality attributes (CQA) of molecular weight and final subunit ratio. The four CPPs
were i) reaction temperature (set to 80°, 100° or 120° Celsius), ii) reaction time (set to 24h,
48h or 72h), iii) initial molar OA ratio, defined as the molar ratio of primary amines from OA
to the overall number of primary amines (set to 0.30; 0.55 or 0.80), and iv) the ratio between
the diacrylate (DA) and the total theoretical number of primary amines (0.80; 1.00 or 1.20).
A Central Composite Design for maximized Orthogonality (CCO) was chosen using a
starpoint distance of 1.55'%, Three center points were added to evaluate the process
stability (Figure Il.1b+c). Statistical significance was determined by ANOVA and defined by
p-values below 0.05. Predictions with 95% confidence intervals were generated based on

fitted, significant RSM model terms.
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4.5 PeakFinder software

To gather more insights into the polymerization process, a program was written using
Python3 programming language (version 3.11.5). Pandas (version 2.0.3) was used for data
handling. The molecular weights of the monomer units are used as input data in the code
together with information about the single peak maxima (Mp), the associated component
ratio (obtained from NMR spectra), an error range, a maximal iteration parameter and a
boolean expression parameter if endcapping with diacrylate is possible or not. Based on
this information, possible polymer structures are calculated for each peak and the program

outputs the sequence of monomer combinations that fits the data best.

4.6 Species isolation via spin columns

To isolate a single polymer species represented by a GPC peak, polymers were dissolved
at 4 mg/mL in the mobile phase. 1 mL of solution was transferred to 30 kDa cutoff Vivaspin
6 centrifugal concentrator columns from Sartorius (Gottingen, Germany). Samples were
concentrated at 8000 g for 15 min. The concentrated samples were diluted to 1 mL with
fresh mobile phase. This procedure was repeated three times. Final samples were

measured using the before mentioned GPC method.

4.7 Particle formation with siRNA

Polymers were dissolved in cell culture grade DMSO at a concentration of 25 mg/mL.
Nanoparticles were prepared at a ratio of protonated amines in the polymer to negatively
charged phosphates in the siRNA backbone (N/P Ratio) of 10. Polymer stocks and siRNA
(IDT, Leuven, Belgium) were diluted in 10 mM Hepes Buffer pH 5.4 to equal volumes before
mixing. Mixing was done using an Integra Voyager 125 pL pipette (Integra Biosciences,
Zizers, Switzerland), resulting in final concentrations of 500 nM siRNA. After mixing,
particles were incubated for 90 minutes at room temperature to allow proper particle
formation. The hydrodynamic diameter (DH) and polydispersity index (PDI) of the obtained
nanoparticles were determined by dynamic light scattering. Therefore, a Zetasizer Ultra
series (Malvern Instruments, U.K.) was used running 3 measurements per sample at a

backscatter angle of 173°.
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4.8 Stability

The stability of the resulting nanoparticles was evaluated by a modified polyanion
competition assay'%. Briefly, differently concentrated mixtures of Triton-X and heparin were
applied to release the siRNA from the nanoparticles. In a black 384-well plate, 10 pL
nanoparticle suspension was mixed with 20 puL of stress solution with the respective
concentration level. Seven different concentrations plus a blank were used per nanoparticle
suspension. After adding the stress solutions, plates were sealed to avoid evaporation and
incubated at 37°C at 150 rpm for 1h. Afterwards 5 L of a 4x SYBR Gold dye was added to
the mixture and incubated for 5 minutes in the dark. Finally, the fluorescence was measured
using a TECAN Spark plate reader (TECAN, Mannedorf, Switzerland) plate reader at 492
nm excitation and 537 nm emission wavelength. Using the GraphPad Prism5 2007
Software, a nonlinear fit was performed to calculate the EC50 values of each polymer

relative to the maximum released siRNA in each sample.

Table 11.1: Experimental setup of the CCO-design (left) with reaction time in hours, temperature in °C, initial
molar OA ratio, defined as the molar ratio of primary amines from OA to the overall number of primary amines,
and the ratio between the diacrylate and the total theoretical number of primary amines. Results of the CCO-
design (right) with Final OA ratio in percent, Mn and Mw in Da, PDI without a unit and >33 kDa and < 2kDa in
percent.

Exp | Time Tmp OA DA | FinalOA Mw Mn PDI > <

No Initial 33kDa 2kDa
1 24 80 30 0.8]0.412591 26878 151061.7792  31.3 0
2 72 80 30 0.8]0.438533 30610 16007 1.9123 38.53 0
3 24 120 30 0.8]0.391529 20022 101741.9681 22.5 0.5
4 72 120 30 0.8]0.486896 34815 14699 2.3686 50.08 0
5 24 80 80 0.8]0.827116 49961 25683 1.9453 79.39 0
6 72 80 80 0.8] 0.78296 46782 221132.1156 75.4 0
7 24 120 80 0.8]0.787716 50345 21866 2.3025 80.24 0.26
8 72 120 80 0.8]0.761166 46650 15674 2.9763 72.58 1.35
9 24 80 30 1.210.417113 30380 15028 2.0215 42.15 0
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5 Results and Discussion

5.1 Controlling the synthesis via DoE

The two most important CQAs controlling the nucleic acid delivery performance of a polymer
are the molecular weight distribution®”8 and the composition of the polymer itself'%. In case
of amphiphilic spermine-modified PBAEs, previous studies showed that the ratio of
hydrophobic side chains® plays a major role in the transfection efficiency of PBAE
copolymers %1, Additionally, it was shown for numerous PBAESs that the molecular weight
plays vital functions in governing the performance as well as toxicity'°®. Therefore, the main
goal of this study was to establish a synthesis route which would allow the precise prediction
and control over the final constitution of the P(SpOABAE) polymers. By using the CCO, the
design space, which was investigated, was maximized and by investigating 5 levels for each

factor (Figure Il.1b) the prediction strength was increased (Table I1.1).

a) ! Polymerization
o0 | . N NN . (DMF.24h—72h,80°—120°)‘
N A X —
H,N N
. A ’
Tribocspermine (TBS) Oleylamine (OA) 1,4-Butanedioldiacrylate
— = = . A —
N In " N
’ L
it | _ T \
N— 1 Deprotection NH, ¢ & |
S g | (DCM/TFA,2h,RT) e :
l —_— - o7 e 1
] NH. ' F o ]
e s ]
. \ N 1
l
1 1
m —J —n m — —_— N
C
b) )
Factors Number | Units Factor levels studied CQA Sum of Degrees of Mean square | F p-value
of levels squares freedom (Variance)
Initial OA | 5 % 163 30 55 80 93,7 Final OA 0,757067 4 0,189267 160,615 <1x10°
Ratio Ratio
5 X 72 5,
:::"“" - 109 2% 48 a1 Mw 0,942607 1 0,235652 31,7042 <1x10°
3
Temperature | 5 °C 69 30 100 120 31 Mn 0,948579 4 0,237145 28,0392 <1x10
Diacrylate 3 0.69 08 1 12 131 PDI 0,0515111 4 0,0128778 6,32118 0,002
ratio +33kDa 13108,3 4 13108,3 38,9963 <1x10?

Figure II1.1: a) Overview of the applied synthesis for the used poly(beta aminoesters). Polymerization was
carried out using different timepoints, temperatures and component ratios. b) Factors used for the CCO design.
c) the CQAs selected as readout together with the data from ANOVA.

After performing the synthesis and analysis, the responses (Figure Il.1c) were fitted using

multiple linear regression. For the CQA final OA ratio, a strong regression of R, = 0.968 and
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a high validity of Q. = 0.948 were found indicating a strong model (Figures Il.2a and 11.S2).
In the next step, the factors, which had been the most relevant for the model fit were
investigated. By choosing a CCO, the factor strengths for linear as well as quadratic model
terms, together with interactions between different CPPs was estimated. For the final OA
ratio, only three model terms showed a p-value below 0.05 and were deemed significant
(Figure 11.S7). Unsurprisingly, the most relevant CPP was the initial OA ratio with a scaled
and centered coefficient of 18.3%. Also, according to expectations, the temperature and
reaction time did not impact the final OA ratio significantly. Surprisingly, the two other
significant CPPs were the linear and quadratic diacrylate ratio with coefficients of -4.8% and
-2.6% (Figures 11.3a and 11.S7). Although they were less relevant, it is still unexpected that
this CPP can influence the final OA ratio. A potential reason for this observation might be
the calculation approach chosen to determine the final OA ratio (eq.ll.1). In this approach,
the diacrylate backbone is taken into account in the formula and thereby naturally impacts

the final results.
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Figure I1.2: Observed vs Predicted plot for a) final OA Ratio (R2=0.97), b) Mw (R2=0.85), c) Mn (R2=0.84), d)

PDI (R2=0.53) and e) >33 kDa (R2=0.88) for the CCO-design generated with 27 polymers.

47



I 0.9ppm) Ny (backbone,4.2ppm)
OA Ratio = (0-9p1 x (bac i

nH(tPrminnl group,0.9 ppm) I
b (4.2ppm)

{0.0ppm)

- (nll(tcfrminal group,0.9 pplll))x Ny (terminat group,0.9 ppm)

(eq.ll.2)

In contrast to other polymerization mechanisms, the step-growth Michael-addition did not
lead to a single polymer species but rather a mixture of several distinctive peaks. This
finding will be further discussed below. To evaluate the presence of unreacted monomers
the, numerical percentage of species below 2,000 Da (<2 kDa) was determined (Table 11.1).
Since the DoE can only interpret discrete numerical values, a way to make our library

Ainterpretabledo for the DoE al gor isgetiim€QAbR ad

rather than a single molar mass distribution were added. To start, the overall Mn, Mw, PDI
of the polymer as well as the numerical percentage of the polymer species above 33,000
Da (>33 kDa) were analyzed and introduced. For each CQA except for the PDI, a model
with a regression above R, = 0.84 and a cross-validation value above Q. = 0.75 were found
(Figure 11.2 b-e, 11.3 b-e, 11.S8-11.S11). This outcome confirmed that the model was able to
understand the synthesis and which CPPs govern the polymerization mechanisms.
Surprisingly, the main factor controlling the three responses of Mn, Mw and >33 kDa was
the OA ratio. Since the PDI of polymers is calculated by dividing the Mw by the Mn, this
CQA is susceptible to error propagation. This problem is reflected in higher scatters in the
observed vs predicted plot (Figure 1.2 d) and higher standard deviations in the coefficient
plot (Figure 11.3 d).

Reaction time was not significant for any of the responses and temperature only played a

minor role on the Mn.
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Figure 11.3: Model coefficients for a) final OA Ratio (R2=0.97; Q2=0.95), b) Mw (R2=0.85; Q2=0.77), ¢) Mb
(R2=0.84; Q2=0.75), d) PDI (R2=0.53; Q2=0.29) and e) >33 kDa (R2=0.88; Q2=0.81) for the CCO-design

generated with 27 polymers.
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5.2 Understanding key mechanisms

The initial hypothesis was that the molecular weight of the polymers would be mainly
governed by the reaction time and temperature following common consensus!®’. However,
the presented data suggest a more complex mechanism. Since the analyses showed that
the main factor governing the large >33 kDa species was the OA ratio, it was concluded
that the reaction kinetics of OA was faster than the kinetics of the TBS subunits. A faster
reaction of hydrophobic subunits was already reported in literature®. However, it was
observed that the maximum size of the >33 kDa species correlated with the OA ratio as well
(Figure 11.3e). This could not be explained with faster kinetics alone. Analyzing all GPC data
more extensively showed that all polymers had a characteristic sequence in which the peaks
occurred (Figure Il.4a). This was explained by the mechanism of step-growth

polymerization.

a) b)

Exemplary decay of reaction Kinetics

— k(A-A)
-~ Kk(B-B)

Wilog M)

- - b :S L 2 25 Reaction steps

110 110 1*10

Molar Mass [Da]

c)

Peak
Weight

Allowed NMR
Error ~ Fitting

ST tstwithaall
possible
combinations
= L T —rrr
s V\_} 0 Peak Sequence
Jolar Mass [Ds]

{ 'SP'; 9, 'OA: 6 |n[ 'SP 13, 'OA'; 12, 'END" 1 |~| 'SP': 18, "0A': 17, 'START" 1, 'END': 1 |-‘ 'SP': 107, 'OA': 30, 'START": 1, 'END": 1 |

Wilog M)

[PPPITTOPPL YT PR TYITY YT PPPP) POVY PO

Table 11.4: a) Exemplary GPC peaks and Mp weights of polymer 3 (red) and 22 (black) in an overlay molar mass
distribution. b) Exemplary decay of different reaction kinetics as a function of already occurred reaction steps.
c) The Peakldentifier tries to give the researcher an assumption, starting from the molecular weight distribution
in GPC data, about peak sequences. On the right a schematic overview illustrates how the Peakldentifier
attempts to match individual peaks and the peak sequence using the available data. At the bottom, an example
sequence proposed by the Peakldentifier for the molecular weight distribution above is shown. The units and
the corresponding numbers suggest the peak compositions that matches the data best.
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In step-growth polymerization, monomers undergo simultaneous parallel reactions to form
dimers, which subsequently engage in further parallel reactions to produce tetramers and
subsequent oligomeric species'®. Interestingly, in co-polymers the same mechanism
applies with the difference that three kinetics are occurring in parallel. The kinetics of two
building blocks of the same type reacting with each other (kA-A, kB-B) and the kinetics of
two different building blocks reacting with each other (kA-B, kB-A). Additionally, each
reaction slows down exponentially, with the number of reactions (r) that have already

occurred. With this behavior, the following relation could be drawn:

KA-A (r=1) > KA-A(r=2)  >é > KA-A (r=n)
(eq.11.2)
kB-B (r=1) > kB-B (r=2)  >..> kB-B (r=n)
(eq.11.3)
KA-B (r=1) > KA-B (r=2)  >..> kA-B (r=n)
(eq.1l.4)
kB-A (r=1) > KB-A(r=2) >..> kB-A (r=n)
(eq.11.5)

Together with the finding that the OA homopolymerization kinetics are faster than TBS

homopolymerization kinetics, a new hypothesis was established.

It was proposed that the reaction reaches its thermodynamic equilibrium after a certain
amount of steps after which the reaction kinetics decrease to a level where statistically no
more reactions occur, for example, where a certain threshold was reached. How many
reactions it takes, for example, and how long the polymers become before the threshold is
reached is hence governed by the initially faster kinetics (kA-A). In this case the kinetics

and initial amount of OA (Figure 11.4b).
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Although the relationship between the >33 kDa species and the initial OA content may be
explained by this hypothesis, one needs to take into account that in theory only one single
species of varying size should have arisen from each synthesis. The fact that one can
simultaneously observe all different stages of the step-growth polymerization underlined the

reversibility of the Michael-addition (Figure I1.4a)°.

(A) + (B)z (AB) z (ABAB)z (ABABABAB)

(eq.11.6)

The reversibility indicated that all stages of the step-growth synthesis are in equilibrium with
each other. The equilibrium that the reactions reaches (eq.ll.6) is, according to these
findings, governed by the ratio between faster reacting OA and slower reacting TBS (Figure
[1.4b).

A deeper investigation of the impact of the diacrylate (Figure 11.3b+c and I.5b+c) showed
that the Carother sbequation!'® also held true for these polymers, showcasing that a

diacrylate ratio of 1.0 leads to the largest polymers.

To incorporate the new hypothesis into the data set, an in-house software package was

written.

The software aimed to mimic the block-copolymer step-growth reaction, which was
expected in this system. Therefore, the absolute Mw of single building blocks was combined
together with an error term, to allow variance. This step was repeated for every peak in the
chromatogram, which led to a list of all possible peak sequences. Finally, peak sequences
were matched with the corresponding peak-weight and the polymer block composition data
obtained from NMR to match the most suitable peak sequences. The software then outputs
the peak sequence with the best match. To increase the likelihood that the sequence

matched the data, the program was constrained to select only sequences that assumed a
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growth in single building blocks. Additionally, end capping with diacrylate was only possible

when there was an excess in the amount of diacrylate used for synthesis.

It was important to note that the function did not apply any further physicochemical steps to
calculate a matching sequence and the results were calculated from the obtained data.

Therefore, high data quality was a major assumption of the program.

Figure Il.4c shows an example for the Peakldentifier from sample number 10. The error
range was set to 15 % to allow for the absolute combined monomers to vary with this value
from the proposed combination, and the NMR ratio was set to 38.42 [%)]. The Peakldentifier
suggested a scenario where Oleylamine (OA) and Triboc-spermine (TBS) react with equal
probability. This assumption was based on the understanding that although OA reacts more
quickly (due to faster kinetics), TBS is available in greater concentration within the reaction
mixture, balancing the reaction likelihood between the two. The last peak observed might
be the result of a subsequent synthesis reaction, where the higher concentration of TBS in
the sample prompts the oligomers to undergo a reaction. What was shown clearly, is that
the Peakldentifier explained possible step-growth reactions in combination with different
kinetics. It has to be mentioned that the Peakldentifier provided a range of possibilities, but
since the program worked with absolute data one had to make sure to precisely select a

reasonable error range.

To validate the software (Figure 11.512), two single peak fractions were isolated using spin
columns. To verify a successful isolation, GPC was measured again (Figure 11.S13). The
NMR results from the isolated fractions were compared to the Peakldentifier results. From
the NMR data for polymer 16, an 89.29% OA ratio was observed in the isolated peak at
67,750 Da and for polymer 17, 62.0% OA monomer was found in the isolated peak at 62,877
Da. The Peakldentifier calculated 124 OA units to 9 Spermine units, which corresponds to
a ratio of 93.2% for peak 16 and 75 OA units to 46 Spermine units, which is precisely 62.0%
for peak 17. We consider a delta in the estimation and the real ratio of under 5% as
successful, which was satisfied for both polymers tested (3.91% for 16 and 0 for 17). Based
on this example it was shown that the Peakldentifier allows for a quite precise estimation of

possible polymer fractions within this synthesis.

Another observation that was made was the presence of a side product appearing around

8 ppm in the NMR (Figure 11.514). However, a correlation between the intensity of the NMR
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peaks of this impurity and the temperature could be shown. Furthermore did the DoE
approach allow us to find the optimal setpoints to avoid the generation of these side
products in the first place (Figure 11.S15). This highlights how DoE did not only improve the
understanding of the step-growth synthesis process but also how the most robust setpoints

could be identified to achieve the best results.

Interestingly, within the selected range, reaction time did not show any influence on the
readout parameters. This result could be caused by the fact that the equilibrium of the
polymerization process was already in a stable state after a short period of time and was
not further influenced by longer reactions. Despite the fact that high temperature led to the
mentioned side products and a possible reversibility in Michael addition reaction, it did

surprisingly not show any influence on the polymer size parameters.

5.3 Prediction

After the fitting of the model, a response surface for the entire design space was generated
(Figure 11.5a-€e). To validate the model, three different polymers with varying final OA Ratios
of 40%, 50% and 60% (Table 11.S1) were predicted. The reasoning behind these setpoints
was to spread through the design space as far as possible to validate a wide range.
Additionally, the predictions for the molecular weights were validated with the same
polymers. Having gained a deeper understanding of the complexity of our polymerization
process, it was all the more surprising how well the model did not just fit the already

generated data but also predicted the validation data (Figure 11.6 and Table 11.S1).
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Figure 11.5: 3 Dimension plot of the Response Surface of a) the final OA Ratio, b) the Mw, c) the Mn d) the PDI,
and e) the >33kDa model fitted from the CCO-design of 27 polymers showing the impact of the diacrylate ratio
(left 0.9, center 1.0 and right 1.2), initial molar OA ratio, and temperature.

The model was capable of accurately predicting the final OA ratio as well as the molecular

weight of the respective polymers. This dataset confirmed that with DoE even highly

complex mechanisms such as the showcased co-polymerization mechanism can be

understood and controlled, allowing a precise manufacturing of new desired polymers. With

this approach it is possible to synthesize any desired polymer in the design space without

any further trial and error studies, as it is the common approach in polymer synthesis***.
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Figure 11.6: Prediction (P, Error Bars) and observed values (dots) for the validation of a) the OA ratios, b) the

Mw values and c) the Mn values of three validation polymers.
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5.4 Stability

As previously shown®®, amphiphilic PBAE-based spermine copolymers can mediate highly
effective gene silencing when they are used for siRNA formulation and delivery. To confirm
that the entire design space has relevance to subsequent performance tests, it was
investigated if all polymers formed nanoparticles, encapsulated and finally released siRNA.
As shown in Figure 11.S16 and I1.S17, all polymers were able to form stable particles, which
encapsulated the entire amount of the provided siRNA. Through the new stability assay,
assumptions about the strength of the intra-particular forces stabilizing the particles were
additionally made. This allowed the investigation of which polymers would form the most
and least stable particles. Polymer 5 and 6 formed the most stable particles and polymer
16 formed the least stable particles. The strongest correlations for the stability of the
particles were found for the synthesis temperature (Figure 11.7b), DA ratio (Figure I.7d), and
the PDI of the resulting nanoparticles (Figure I1.7f). More precisely did a lower DA ratio and
a lower temperature during the synthesis lead to more stable nanoparticles. For the
synthesis time (Figure 11.7a) and the initial OA ratio (Figure Il.7c), no clear trends could be
found. Similarly, the hydrodynamic diameter of the nanoparticles did not show a clear trend.
Polymer 14 formed much larger particles than all other polymers but showed comparable
stability (Figure 11.516+11.S17). Additionally, the difference in deviation of the EC_50 values
showed a relation to the synthesis parameters (Figure 11.7b+I1.7d), indicating controllability
by carefully choosing the proper settings. These parameters can become very important for
subsequent in vitro and in vivo studies. Further analysis showed that the stability correlated
with the PDI of the nanoparticles, indicating that less homogenous particles are harder to

break up (Figure ff).
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Figure 11.7: Stability values (EC_50) derived from the stability assay plotted against the initial CPP from the
CCO-design being a) the time of reaction, b) the temperature of the reaction, c) the initial OA ratio and d) the
DA ratio as well as the DLS data with e) the hydrodynamic diameter of the tested particles and f) the PDI of the
tested particles.

6 Conclusion

This study highlighted the value of DoE as a tool to gain deeper mechanistic understanding
of PBAE-based copolymer synthesis. Besides the revelation of key parameters controlling
the synthesis of P(SpOABAE), a model that accurately predicts the outcome of a synthesis
approach was established. According to our knowledge, this is the first report of a model
that is capable of predicting molecular weight as well as building block ratios of copolymers.
In combination with the Peakldentifier Software, a detailed picture of any synthesized
copolymer can be generated. As a deep understanding of the used polymers is the first step
for any scientific study, we are confident that these findings will prove valuable for other

scientists in the search of a more controlled material generation.
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Figure 11.S1: Exemplary *H-NMR of the resulting Poly-spermine-co-oleylamine beta-aminoesters after synthesis

and purification

Final OA Ratio DF SS MS (variance) F
Total 26 9.53312 0.366658
Constant 1 8.75131 8.75131
Total corrected 25 0.781813  0.0312725
Regression 4 0.757067 0.189267 160.615
Residual 21 0.0247461 0.00117839

0.034327
6

SD

0.17684

0.000 0.435048
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Lack of Fit 20 0.0239407 0.00119703 1.48616 0.578 0.034598

2
(Model error)
Pure error 1 0.00080545 0.000805451 0.028380
1 5
(Replicate
error)

N =26 Q2=0.948 Cond. no. 2.832
DF = R2 =0.968 RSD =0.0343
21 3
R2 adj. =0.962

Figure 11.52: ANOVA table of the final OA Ratio from the CCO-design of 27 polymers.
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Total

Constant

Total corrected

Regression

Residual

Lack of Fit

MS (variance)

0.0425434
0.0862139

0.163522 0.00743283

0.0081745 0.002 0.0904129
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(Model error)

Pure error 2 3.2291e- 1.61455e-05
05
(Replicate
error)
N =27 Q2=0.768 Cond. no.2.731
DF = R2 =0.852 RSD =0.0862
22 1
R2 adj. =0.825

Figure 11.S3: ANOVA table of the Mw from the CCO-design of 27 polymers.
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Mnb~
Total

Constant

Total corrected
Regression

Residual

Lack of Fit
(Model error)

Pure error

(Replicate

error)

DF

27

26

22

20

27

22

SS MS (variance)
503.413 18.6449

502.278 502.278

1.13465 0.0436402
0.948579 0.237145

0.186067  0.0084576

0.186026  0.00930132

4.07365e- 2.03682e-05
05

Q2 =0.747

R2 =0.836

R2 adj. =0.806

F p )

0.208902
28.0392 0.000 0.486975

0.0919652

456.658 0.002 0.0964434

0.0045131
2

Cond. no.2.731

RSD =0.0919
7

Figure 11.S4: ANOVA table of the Mn from the CCO-design of 27 polymers.
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PDI~ DF
Total 27
Constant 1

Total corrected 26
Regression 4
Residual 22

Lack of Fit 20
(Model error)

Pure error 2

(Replicate

error)

22

SS MS (variance)
2.96082 0.10966
2.86449 2.86449

0.0963304 0.00370502
0.0515111 0.0128778

0.0448193 0.00203724
0.0447258 0.00223629
9.34858e- 4.67429e-05

05

Q2=0.288
R2 =0.535
R2 adj. =0.450

F P

6.32118 0.002

47.8424 0.021

Cond. no.2.731

RSD =0.0451

4

Figure 11.S5: ANOVA table of the PDI from the CCO-design of 27 polymers.
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SD

0.0608688

0.11348

0.0451358

0.0472894

0.0068368
8



>33 kDa
Total

Constant

Total corrected

Regression

Residual

Lack of Fit

(Model error)

Pure error

(Replicate

error)

DF

27

26

22

20

27

22

SS MS (variance)
126153 4672.33
111196 111196
14957.1  575.273
13108.3  3277.08
1848.78  84.0356
184751  92.3754
1.27447  0.637236

Q2=0.806
R2 =0.876
R2 adj. 0.854

F p SD

23.9848

38.9963 0.00 57.2458
0

9.16709

144963 0.00 9.61121

7
0.79827
1
Cond. no.2.73
=1
RSD =9.16
7
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Figure 11.S6: ANOVA table of the >33 kDa fraction from the CCO-design of 27 polymers.

- Coeff. SC  Std. Err. P Conf. int(z)

Constant 0.600624 0.0107169 2.34777e-24 0.022287

- 0.0075296 0.074348 0.0156587
0.0141401 2

0.183216 0.0075296 7.19313e-17 0.0156587
1

- 0.0075296 2.46714e-06 0.0156587
0.0481132 2

- 0.0104307 0.0229448 0.0216919
0.0255963

N =26 Q2=0.948 Cond. no. =2.832
DF = 21 R2 =0.968 RSD =0.03433
R2 adj. =0.962

Confidence 0.95

Figure S7. Coefficient table (Scaled and Centered) for final OA-Ratio model from the fitted
CCO-design.

- Coeff. SC Std. Err. P Conf. int(z)

Constant 4.70064 0.025692 1.65088e-36 0.0532832
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5

- 0.018910 0.0684845 0.0392185
0.0362279 6

0.196177 0.018910 6.16452e-10 0.0392185
6

0.0447507 0.018910 0.0271844 0.0392185
6

- 0.025482 0.00463685 0.0528483
0.0802959 8

N =27 Q2=0.768 Cond. no. =2.731
DF =22 R2 =0.852 RSD =0.08621
R2 adj. =0.825
Confidence 0.95

Figure 11.S8: Coefficient table (Scaled and Centered) for Mw model from the fitted CCO-design.
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- Coeff. SC Std. Err. P Conf. int(x)

Constant 4.38982 0.027406 3.07204e-35 0.0568377
4

- 0.020172 0.000772216 0.0418347
0.0786417 2

0.176359 0.020172 1.31122e-08 0.0418347
2

0.0536849 0.020172 0.0142611 0.0418347
2

- 0.027182 0.00135652 0.0563738
0.0996573 7

N =27 Q2=0.747 Cond. no. =2.731
DF =22 R2 =0.836 RSD =0.09197
R2 adj. =0.806
Confidence 0.95

Figure 11.S9: Coefficient table (Scaled and Centered) for Mn model from the fitted CCO-design.

- Coeff. SC  Std. Err. P Conf. int(x)

Constant 0.310812 0.0134508 6.38448e-17 0.0278955
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0.0424165 0.0099003 0.000301253 0.0205322
5

0.0198192 0.0099003 0.0577805 0.0205322
5

- 0.0099003 0.376442 0.0205322
0.00893745 5

0.0193637 0.0133411 0.160772 0.0276678

N =27 Q2=0.288 Cond. no. =2.731
DF =22 R2 =0.535 RSD =0.04514
R2 adj. =0.450

Confidence 0.95

Figure 11.510: Coefficient table (Scaled and Centered) for PDI model from the fitted CCO-design.
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>33 kDa  Coeff. Std. Err. P Conf. int(x)
SC

Constant  70.7029 2.73187 5.74094e-18 5.66558
Tem -3.29656 2.01076 0.115342 4.17009
OA Initial ~ 23.7096 2.01076 5.56369e-11 4.17009
DAR 4.24879 2.01076 0.0461756  4.17009

DAR*DAR  -8.48071 2.70957 0.00487188 5.61934

N=27 Q2=0.806  Cond.no.=2.731
DF = 22 R2 =0.876 RSD =9.167
R2 adj. =0.854

Confidence 0.95

Figure 11.S11: Coefficient table (Scaled and Centered) for >33 kDa model from the fitted CCO-design.

Pseudocode of the function:

Algorithm Peakldentifie

Input:  chromatogram_peaks,  mw building blocks,

NMR data,end-cap bool

Output: best matching sequence

error_term,

1. Initialize all sequences as an empty list

2. For each peak in chromatogram_peaks do:

2.1 Calculate adjusted mw = mw_building blocks + error term + end-cap

2.2 Generate all possible sequences for the peak using adjusted m
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2.3 Add generated sequences to all sequences
3. Initialize best match score as negative infinityj

5. For each sequence in all sequences do;

5.1 Calculate match score for sequence based on peak weights and NMR data

5.2 If match score > best match score then:
5.2.1 Update best match score to match score
5.2.2 Update best matching seguence to sequence

6. Return best matching sequence|

4. Initialize best matching sequence as Noneg|

Figure 11.S12: Peakldentifier Pseudo code explaining the function of the Peakldentifier. The code is used to
match GPC and NMR data to the chromatogram and is expected to help identifying peaks and peak sequences

of step-growth polymerization products.
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Figure 11.513: Molar mass distribution of Polymer 16 before (red) and after (blue) 3 purification steps in a 30.000

Da MWCO spin column.
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Figure 11.S14: 'H-NMR spectrum of temperature dependent side products after 8 ppm.
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Figure 11.515: Correlation between side products (NMR species at 8 ppm) and reaction temperature.
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Table S1: Validation settings and results for three validation polymers. CQA predictions are shown with 95%
confidence intervals from lower (L) to upper (U) limit and results are shown in observed (O) columns.

Poly o M Mn P P P +33k
mer Ti Te O 2 2 2 A M M W Mn Mn (O)DI DI DI +Sgk+gzk Da
me m A 0 0) (L) (U L (U (O 0
ROGOHGHOOU T CUO S G ©
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02980230397 49 95 86 36 38 043220 1 5 1
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Figure 11.S16: Dynamic light scattering data of hydrodynamic diameter (red circles) and polydispersity index
(green triangle) of SiRNA containing particles used for the stability assay.
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Figure 11.S17: EC_50 values for siRNA containing nanoparticles generated with different polymers and
determined by Heparin and Triton-X competition assay (n=3)
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chapter Il - Machine Learning on an Orthogonal Polymer
Library Reveals Governing Factors and Optimizes

PBAE Copolymers' Synthesis and Performance
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10 Abstract

Pulmonary siRNA delivery is a promising therapeutic approach for future pandemics and
many non-infectious lung diseases. Polymeric nanocarriers, especially poly-beta
aminoesters are an easily tunable and versatile delivery system to protect RNA from
degradation. To maneuver the vast chemical space and generate control and
understanding, an orthogonal polymer library of amphiphilic-spermine-based poly-beta-

aminoesters was investigated for gene knockdown, toxicity and particle stability.
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Subsequently, a Nested-Leave-One-Out Cross Validation approach was chosen to screen
different machine learning models allowing to capture useful information within the limited
dataset. Analyzing key factors governing the particle performance identified too high intra-
particle stability as a disadvantage for successful gene knockdown. This finding facilitated
improved model performance through a few-shot learning approach. Leveraging these
combined and optimized models, a novel polymer candidate was predicted and
subsequently validated in vitro. A superior knockdown and toxicity profile as well as stability
trends were confirmed. In vivo experiments, however, highlighted the lack of in-vitro-in-vivo
correlation after model optimization for in vitro performance. Nonetheless, reduced in vivo

immunogenicity was achieved through the chosen approach.

Keywords: PBAE polymers, siRNA Delivery, Machine Learning, Orthogonal Library, in vivo

T in vitro correlation

11 Introduction

RNA-based therapeutics are rapidly transforming modern medicine, demonstrating
profound impact across diverse therapeutic areas. The global pandemic highlighted the
critical role of MRNA vaccines as a leading-edge biotechnological solution®!!2 for proactive
disease prevention. While the success of mMRNA vaccines is undeniable, the therapeutic
potential of RNA extends considerably beyond prophylactic applications. Harnessing the
inherent versatility of RNA's biological functions opens up a wide spectrum of therapeutic
possibilities, reflecting their fundamental role in cellular processes. One potential
therapeutic approach is the use of short interfering RNA (siRNA) for target gene silencing.
This regulatory RNA is built intracellularly by slicing double stranded RNA (dsRNA)
molecules into 20-25 nucleotide long sections and leading to mRNA degradation via an
enzyme complex called ARNA induced silen
unlock a promising pulmonary antiviral therapeutic strategy for future pandemics!3. Since
RNAs are prone to degradation after injection into a patient due to ubiquitously expressed
RNase enzymes, they need to be protected. For this purpose, various nanocarriers,
generated from different materials and compositions, are used. Intensively investigated
carriers for performing successful delivery are polymeric delivery systems such as PEI'!4,
PLGA!5116 or PBAES®1Y, Although all are established materials, only the latter provides
high cargo condensation while being biodegradable at the same time®¢, making PBAEs well-

suited for RNA delivery.

76

c

ng

c

(O



As the tremendous amount of potential chemical structures enables infinitely many
possibilities of tailoring polymers for each individual use case!!®, a strategy is needed, for
researchers to design a carrier system that suits their needs faster than with a classical trial-
and-error approach. One potential way to do so is rational design using human knowledge
191121 While promising, this requires a large amount of expertise and may lead to human
errors due to biases and limited capability of extrapolating beyond experience. Another
strategy used, is the screening of big libraries®122, This allows for the discovery of a broad
chemical space and has already led to the discovery of high-performing carrier systems.
However, while being promising on the one hand, this method can only be applied if
abundant resources, time and workforce are available which is not applicable for many labs.
For this purpose, drug delivery research has started to implement more systematic attempts
such as design of experiments (DoE), a method where an a-priori design space is set up,
helping in systematically discovering a huge space without performing unnecessary
experiments. Even though this method established itself as the gold standard in industry for
most optimization tasks*, it provides a rigid scaffold limited by the pre-selected design
region and data points.

Machine learning (ML) is a powerful method that can overcome this limitation by allowing
for a nearly infinite flexibility in data analysis, optimization and prediction, which makes it an
increasingly integral component of modern drug discovery pipelines'?124, In recent years,
several groups have contributed towards potential applications of ML in designing drug
delivery systems'?>126, However, ML is known to be heavily dependent on both data quantity
and quality, which is a problem in the field of polymeric drug delivery, where data is often
sparse or too heterogenous to use. Current contributions in the field predominantly focus
on either machine learning (ML)-assisted high-throughput screening?’ or the utilization of
existing datasets!?®, However, these approaches present inherent limitations, particularly
within academic research settings. High-throughput screening infrastructure is often
unavailable or impractical for many research questions, while sufficiently large and diverse
datasets, capable of enabling robust predictive modeling, remain scarce, especially in
comparison to the data abundance available for small molecules.

Here a new method is introduced, where ML is used within a previously synthesized small
dataset of spermine-based amphiphilic poly-beta aminoesters (PBAEs)?°. The data
obtained by using a DoE design allowed for precise synthesis and a deeper understanding
of the process itself. Subsequently, it is used to optimize PBAE capability for successful

gene knockdown while maintaining low cytotoxicity. Additionally, an approach is presented
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to tackle the low-data problem using a nested-leave-one-out cross validation loop to design
a robust algorithm to predict synthesis conditions that enable the polymerization of a new
lead candidate that outperformed the current benchmark. Furthermore, it was shown that
machine learning is the method of choice when incorporating additional information about
data due to the flexibility in designing few-shot modelFinally, a deeper understanding of
feature-relations was generated, by performing feature ablation studies and investigating
SHAPIley'® values for the models. To translate the theoretical work into a practical set-up
and to show the strengths but also the limitations of machine learning in this context,
subsequently the optimized nanocarrier was initially tested in vitro. Here, the performance
of the algorithm was validated and key findings about particle stability were confirmed.
Testing the in-vitro-in-vivo-correlation, gene knockdown and toxicity as well as

immunogenicity were investigated in mice.

12 This work lays the ground for researchers to make optimal use of
limited data and helps in predicting and understanding new delivery

systems without extensive and ineffective screening.

13 Materials and Methods

13.1 Materials

Dicer substrate double-stranded siRNA targeting enhanced green fluorescent protein
(eGFP) (siGFP, 25/27mer), and scrambled, negative control siRNA (siNC, 25/27mer) were
purchased from IDT (Integrated Technologies, Inc., Leuven, Belgium). Sequences and
additional information are provided in the Supporting Information, Table S1. HEPES (4-(2-
hydroxyethyl)-1-piperazineethanesulfonic acid), ethyl trifluoroacetate, sodium chloride, Tris-
EDTA buffer solution 100x, RPMI 1640 medium, Triton X-100, heparin sodium salt from
porcine intestinal mucosa, heat-inactivated fetal bovine serum (FBS),
penicillin/streptomycin solution ( &é-tffered
saline (PBS), cOmpleteE Mini EDTA-free protease-inhibitor-cocktail were obtained from
Sigma-Aldrich (Darmstadt, Germany). Branched polyethyleneimine (PEI) (5 kDa, Lupasol
G100) was a kind gift from BASF (Ludwigshafen, Germany). Di-tert-butyl decarbonate,
oleylamine, spermine, dimethylformamide (99,5% pure), Lipofectamine 2000, OPTI-MEM
serum reduced medium, 0.05% trypsin-EDTA, Alexa Fluor 647 NHS ester, and a SYBR
Gold Nucleic Acid Gel Stain 10,000X concentrate in DMSO and siMMP7 were purchased

from Thermo Fisher Scientific (Schwerte, Germany). 1,4-Butanendiol diacrylate was
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obtained from TCI Chemical Industry Co., Ltd. (Tokyo, Japan). Trifluoroacetic acid (99,9%,
extra pure) was purchased from Acros Organics (Geel, Belgium). Methanol-d6 was
obtained from Deutero (Kastellaun, Germany). Dichloromethane, methanol, ammonia,
potassium permanganate, magnesium sulfate, acetone, pentane, and formic acid (>99%

pure) were purchased from VWR Chemicals (Ismaning, Germany).

13.2 Data Preprocessing

Experimental data was saved in Excel format and was transformed in a pandas dataframe.

The features were defined as Time (ATimeod), Ter
(AOAO0), Diacrylate ratio (ADARO) . AFoxiditygandget v al
Stability. Note that Stability was used as additional feature in a few-shot approach when

predicting Gene Expression and Stability. Subsequently data was scaled using a

MinMaxScaler. In this complete dataset, no values were missing.

13.3 Nested-CV-Loop

The selection of an appropriate model is a critical step in running a predictive machine-
learning pipeline. Because we are dealing with data scarcity, we used only algorithms that
are known to perform well with limited data. Each model was placed in a single scikit-learn
pipeline together with a Mini Max scaler to avoid information leakage. We employed a
nested cross-validation scheme: first, 15 % of the data was split off as a hold-out set, which
was evaluated only after hyper-parameter optimization. To ensure that the hold-out set
represented the distribution of the training data, we discretized the continuous target into
five equal-frequency (quantile) bins and stratified the traini test split on those bins. In the
inner loop, 100 randomly chosen hyper-parameter configurations were assessed for each
model using leave-one-out cross-validation (LOOCYV). After ten outer-loop repetitions, the
model with the lowest mean absolute error (MAE) and its associated optimal hyper-

parameters were selected for subsequent optimization.
Zero Shot vs Few -Shot Model

To compare whether certain additional experimental data can help in predicting others, we
investigated the influence of the experimentally determined colloidal stability of the
nanoparticle suspension. To do so, we included experimental stability values as additional
features into the gene expression and toxicity models. Since we experienced a threshold-
like behavior of Gene Expression and stability, the stability data was binarized after

normalization.
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13.4 Feature Ablation

To investigate the influence of the single features and whether they influence the predictive
power of the model, feature ablation experiments were executed. For this purpose, we
iteratively removed features and compared the performance across all LOOCV splits as
absolute mean error with a base model containing all features. When exceeding the error

threshold, the feature was assumed to just add noise to the model and was rated irrelevant.

13.5 Optimized Model Comparison

13.6 Model evaluation included a comparison of the optimized models against a
simple mean predictor baseline, providing a straightforward benchmark. This
dummy model always predicts the average value of the training set's target
variable. The MAE achieved by the baseline model was contrasted with that of our

few-shot and zero -shot models.

13.7 Model Interpretation

Model interpretation was performed using SHAP (SHapley Additive exPlanations) values to
guantify each feature's contribution to the difference between the model's prediction and
the expected value, providing insights into model behavior and enabling identification of
critical features. To visualize feature importance for the zero-shot and few-shot models, we
employed beeswarm plots. Furthermore, waterfall plots were used to illustrate the decision-
making process of the models. Finally, feature relationships were investigated using scatter

plots of SHAP values against their corresponding feature values.

13.8 Prediction Pipeline

Parameter prediction was performed using a combinatorial approach. Specifically, we
generated discrete parameter ranges and combined these ranges to create an exhaustive
list of possible parameter settings. These settings were then evaluated using the zero-shot
models. The resulting performance metrics were stored in a data frame and subsequently
sorted using a hierarchical sorting strategy. This allowed us to identify parameter

configurations that maximize gene knockdown while minimizing toxicity.

13.9 Triboc -Spermine Synthesis

Tritert-butyl carbonyl spermine, abbreviated as tri-Boc-spermine (TBS) was synthesized as
described elsewhere!®. Briefly, spermine (1 equiv) was dissolved in methanol and stirred
at 1 7kford&hyl trifluoroacetate (1 equiv) was added dropwise. Subsequently, the
mixturewasst i rred at 1 78 & Q°Cffoolh. Withdut isalatich, ditent-butyl
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dicarbonate (4 equiv) was added dropwise to the solution and stirred at room temperature
for 2 days. Finally, the solution was adjusted to a pH above 11 by 25% ammonia and stirred
overnight to cleave the trifluoroacetamide protecting group. The solvent in the mixture was
then evaporated under vacuum, and the residue was diluted with dichloromethane (DCM)
and washed with distilled water and saturated sodium chloride agueous solution. The DCM
phase was finally dried by magnesia sulfate and concentrated to give the crude product.
The crude product was purified by column chromatography (CH-Cl.\MeOH\NHs, aq 7:1:0.1,
SiO2, KMnO4; Rs = 0.413). TBS was isolated and characterized by *H nuclear magnetic

resonance spectroscopy (*H NMR).

13.10 Polymer Synthesis and Characterization

Poly spermine-co-oleylamine beta-aminoesters (P(SpOABAE)) were synthesized based on
a previously described approach*4. Briefly, TBS as a hydrophilic monomer, oleylamine
(OA) as a hydrophobic monomer, and 1,4-butanendiol diacrylate (DA) as backbone were
mixed in different molar ratios in dimethylformamide (DMF), resulting in total concentrations
of 300 mg/mL. After the respective reaction time, mixtures were transferred to Petri dishes
to evaporate the solvent. The subsequent deprotection of the polymer was carried out in a
mixture of 20 mL of dichloromethane (DCM) and 1 mL of trifluoroacetic acid (TFA) for 100
mg of polymer, followed by stirring for 2 h at room temperature. In the following, DCM/TFA
was evaporated and the dry deprotected product was precipitated 3 times in pentane using
acetone to dissolve the precipitate. Supernatants were discarded, and the final precipitate
was dried for 2 days under vacuum (room temperature, 20 mbar). The synthesis process is
depicted in Figure 1lI.1A. Final polymers were characterized by 'H NMR and GPC.
Measurements were performed with an Agilent aqueous GPC using a PSS Novema Max
Lux 100A followed by two PSS Novema Max Lux 3000A columns. The chromatographic
system and calibration standards were set up according to preanalysis from Agilent
Technologies on P(SpOABAE) polymers. Measurements were performed at 40 °C in a 0.1
M sodium chloride solution supplemented with 0.3% formic acid. Samples were prepared
at 4 g/L and measured at a flow rate of 1 mL/min. Molar mass distributions were obtained
through the Agilent WinGPC software against pullulan calibration standards in the range of
180 Da to 1450 kDa. A daisy-chain detector setup of an Agilent 1260 VWD was used,
followed by an Agilent 1260 GPC/SEC MDS and ending with an Agilent 1260 RID.
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13.11 Gene Knockdown

H1299 stably expressing eGFP were seeded on 48-well or 24-well plates at a density of
5,000 or 10,000 cells per well in 1640 RPMI supplemented with 10% FCS and 1%
Penicilin/Streptomycin, respectively. Nanoparticles were prepared at N/P ratio 10
encapsulating either siGFP or siNC RNA, and cells were transfected 24h after seeding in
triplicates with 10 or 20 pmol siRNA per well. After 48 hours, median fluorescence intensity
(MFI) was recorded using a BD LSR Fortessa using the BD FACSDivaTM Software and
counting 10,000 events. Gene knockdown was calculated as the ratio between MFI of cells
treated with siGFP NPs and siNC NPs.

13.12 Cell Viability

Cell viability and toxicity were tested simultaneously using a CellTiter Blue (CTB) and
Lactate dehydrogenase (LDH) assay. In 96-well plates, 5,000 16HBE140- cells were
seeded. After 24 hours, the polymer library was tested in triplicates. Each polymer was
tested at 8 different concentrations between 1 and 500 pg/mL. After 48 hours of incubation,
50 uL supernatant of each well was transferred to a fresh plate and LDH was quantified
following the manufacturers protocol. Briefly, to each well 50 pL of freshly resuspended
reagent mix was added, and the plates were incubated in the dark for 30 min. Afterwards,

50 pL stop solution was added into each well and absorbance was measured.

For the CTB assays, the cell containing wells were filled up with 30 pL of fresh media and
20 pL CTB and incubated for 4h. Afterwards, absorbance was measured at 570 and 600

nm.

Using JMP 17 pro, sigmoidal curve fits were generated through all concentrations and
repetitions of the CTB and LDH assays, and turning points were calculated and defined as

IC50 values.

13.13 Determination of attractive forces between siRNA and polymers

A previously reported stability assay was used to determine the attractive forces between
siRNA and polymers. The stability values for the input library were reported in the same
publication'?. Following this protocol, nanoparticle stability was investigated using heparin
and triton-X. Briefly, 10 uL nanoparticle suspension was treated with 20 pL of 8 different
concentrations of a mixture of heparin and triton-X in a black 384-well plate (Greiner Bio-
One, Frickenhausen, Germany). As reference, SiRNA solutions resembling the

concentrations of NPs were treated with the same concentrations of heparin and triton-X.
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Plates were sealed and incubated for 1h at 37°C at 250 rpm. Afterwards 5 L of a 4x SYBR
Gold solution were added to each well and mixed by pipetting. After 5 minutes of incubation
fluorescence was measured at 492/20 nm excitation wavelength and 537/20 nm emission
wavelength. Comparing the fluorescence intensity of the treated nanoparticle solution to the
respective siRNA solutionsé intensity, a release percentage was calculated. Fitting the
released percentage against the used concentration of heparin and triton-X, using Prism5
software, an EC50 value was calculated. This value was defined as the concentration at

which half of all siRNA is released from the nanoparticle suspension.

13.14 Animal Treatment Protocol

Female BALB/c mice, aged 6-8 weeks, were purchased from Charles River Laboratories.
The mice were housed in a controlled facility for 14 days to acclimatize, with a 12-hour
light/dark cycle. All animal procedures were approved by the Government of Upper Bavaria

and conducted in accordance with approved protocols.

Mice were intratracheally instilled with 1 nmol of siRNA encapsulated at N/P 10 with either
the previous lead candidate or the new ML-2 polymer, administered through intratracheal
instillation under ketamine/xylazine anesthesia. As control, equivalent volume of 25kDa
hyperbranched PEI polyplexes encapsulating the same amount of siRNA was applied as
well as unencapsulated siRNA or pure formulation buffer. All formulations were tested with
either siRNA targeted against murine Glyceraldehyde 3-phosphate dehydrogenase
(GAPDH) or negative control (NC). Mice were euthanized 24 hours after application mice

through cardiac blood collection.

Lungs were flushed twice with 500 uL of PBS buffer containing 2 mM EDTA and one
cOmpleteE , Mini, EDTA-free protease-inhibitor-cocktail tablet per 10 mL to collect the
bronchoalveolar lavage fluid (BALF). Briefly, solutions were injected into the trachea and
subsequently recollected. A second 500 pL of the same PBS solution was instilled and
recollected. The collected BALF was centrifuged for 5 minutes at 500 g. The supernatant

was frozen at -20°C and stored at -80°C until further analysis.

Lungs were subsequently perfused with 20 mL of 0.9% sterile sodium chloride. To do so,
the vena cava inferior was cut and the solution injected into the left ventricle. After sufficient
perfusion, one lung lobe from each treatment group was dissected, fixed in 4%
paraformaldehyde (PFA) for at least 24 hours, and then embedded in paraffin for histological

analysis via H&E staining.
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The remaining lung lobes and undissected lungs were stored at 1 mL RNAlaterE

Stabilization Solution, frozen and stored at -20°C until further analysis.

13.15 In Vivo Gene Knockdown

GAPDH gene knockdown in mouse lungs was determined through gPCR. RNA was isolated
from mouse lungs using Lysing Matrix D tubes containing 1.4 mm Zirconium-Silicate
spheres from MP Biomedicals and a TRIzol/chloroform isolation protocol. Briefly, mouse
lungs were thawed on ice and transferred to the lysing tubes. After the transfer, 1 mL of
TRIzol was added to each tube. Using a Tissue Lyzer the samples were homogenized. The
RNA was isolated through chloroform precipitation. After centrifugation, the aqueous phase
was washed with molecular grade isopropanol followed by ethanol. The final RNA pellets
were dissolved in RNase free water and concentrations were determined. Using a high-
capacity cDNA reverse transcription kit (Thermo Fisher Scientific), complementary DNA
(cDNA) was prepared. Finally, quantitative real-time PCR (gRT-PCR) was performed
applying an iTaq Universal SYBR Green Supermix (Bio-Rad, Feldkirchen, Germany) on a
StepOnePlus system (Thermo Fisher Scientific). Beta-Actin was used as the reference
gene with Mm_GAPDH_3 SG primers (Qiagen) for GAPDH and Mm_ACTB 2 SG
(Qiagen) primerss peci fi ¢ faent imoudFerb nor mali zation of GAF

method was applied.

13.16 In Vivo Biodistribution and  Cell Uptake

To investigate the biodistribution and cellular uptake 6i 8-week-old BALB/c mice were
treated with 1 nmol of siRNA fluorescently labeled with a AF647 label as described
previously. siRNA was either applied unformulated or encapsulated into the previous lead
candidate or ML-2 polymer. After 24 hours, mice were sacrificed, and bladders, lungs, livers,
kidneys, spleens, and the hearts were collected. Using an IVIS Lumina lll (PerkinElmer,

Shelton, CT, USA) fluorescence intensity in these organs was measured.

For further analysis, lungs were dissociated using a gentleMACS tissue Dissociator
(Miltenyi Biotec, Bergisch Gladbach, Germany) together with gentleMACS C (Miltenyi
Biotec, Bergisch Gladbach, Germany) tubes following the manufacturers protocol. Cell
suspensions were incubated with PBS solution containing Zombie UVE and afterwards
stained with FITC anti-mouse CD45, BUV395 anti-mouse CD3, Vioblue anti-mouse CD4,
APC-Cyanine7 anti-mouse CD8, PE-Cyanine7 anti-mouse F4/80, BUV605 anti-mouse
CD1lc, BV785 anti-mouse CD326, PE/DazzleE 594 anti-mouse CD170 and
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PerCP/Cyanine5.5 anti-mouse CD19 for 30 min at 4°C. The stained cells were measured
using a Cytek® Aurora (San Diego, California, USA) implemented with autofluorescence

extraction for the detection of cellular uptake (Figure 111.S1).

13.17 BALF Cytokine Measurements

Cytokines from collected BALF solutions were quantified using a LEGNEDplex™ Mouse
Inflammation Panel (Biolegend, San Diego, California, USA) following the manufacturers
protocol and an Attune NxT flow cytometer (ThermoFisher Scientific, Waltham, MA USA).
Results are reported as total detected concentration and as relative induction compared to

the highest induction for each individual cytokine.
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14 Results and Discussion

14.1 Library Performance Evaluation
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Figure 111.1: Workflow of the screening process applied in this study. A) Synthesis approach of the applied PBAE
polymers B) A previously reported library generated through DoE and varying key synthesis parameters was
tested for knockdown efficiency, stability and toxicity. C) Gene Knockdown correlated against previously
reported stability of particles and D) against cell viability determined via CTB. Error bars depict SD for gene
knockdown and SD of the fit for ECso and 1Cso with n=3.
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The aim of this work was the investigation and optimization of key parameters governing
the performance of PBAE polymers as siRNA delivery vehicles in vitro and in vivo for
pulmonary therapy. We therefore utilized a previously reported library of 27 differently
synthesized PBAE polymers (Figure 111.1A)'%°, The library was generated through a Central
Composite Orthogonal design optimizing the synthesis parameters of total synthesis time,
synthesis temperature, oleyl amine ratio, being the ratio of the two sidechains, and
diacrylate ratio, being the ratio of the sidechains to the backbone (Figure 111.1B). All factors
were investigated over 5 levels and with all resulting polymers, nanoparticles were

successfully formulated. Nanoparticle stability was already reported?:,

To complement the previously reported data set, nanoparticles were tested for gene
knockdown in an H1299 eGFP-expressing lung cell line by encapsulating and delivering
siRNA against eGFP. The results were plotted against the previously reported stability
values (Figure I11.1C). Interestingly, an apparent division threshold was found within the data
set. Above this threshold, the particles appeared to lose their functionality in vitro. This was
unexpected since the common consensus suggests that particles need a certain stability to
not lose their integrity before reaching the endosome. In contrast, the data presented here
suggest that the major bottleneck for the investigated PBAE nanoparticles was not
premature particle disintegration but rather excessively strong intraparticular stabilizing
forces. Since only below the found threshold a successful gene knockdown above 90% was
observed, it was hypothesized that at too high EC50 values, particles did not disintegrate
within the endolysosomal pathway to release their siRNA cargo and mitigate gene
knockdown. This hypothesis was underscored by the observation that above the identified
threshold, the highest achieved gene knockdown effects were below 30%. Previous studys
reported similar observations, implying that polyplexes lose potency if the intraparticular
stabilizing forces become too strong to release the cargo®*!. On the other hand, weakening
the intraparticular forces can increase the nanoparticles performance®2. Therefore, a clear
design criterion for next generation polymers was stated. The criterion was that nanoparticle
stability needed to be lower than an ECso value of 1.6, in order to successfully release the

siRNA within the endosome.

In the next step, cytotoxicity and cell viability of the polymers from the library were
investigated in pulmonary epithelial cells by the means of CTB and LDH assays (Figure
[11.S2). A correlation comparison between both IC50 results showed that the tested

polymers were well tolerated in a range from 25 to 175 mg/mL and the results from CTB
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and LDH correlated strongly with each other (Figure I11.S3+S4). As expected, polymers
exhibiting higher toxicity also showed a greater negative impact on cell viability, and vice
versa. Furthermore, this finding enabled a reduction in experimental workload and cost
since a single assay was sufficient to reliably assess polymer safety. CTB assays resulted
in a slightly lower IC50 value than LDH assays (Figure 111.S3). Moving forward, for these
reasons CTB was chosen as main readout.

To finally evaluate the performance of the polymer library, gene knockdown was plotted
against the IC50 values determined via CTB (Figure 111.1D). This showed another surprising
finding, which was the successful decoupling of toxicity from efficiency of the nanoparticle
system. One of the biggest c éffciencyésafgysddemrhao
where higher transfection efficiency is often associated with increased cytotoxicity. The root
cause is most likely associated to the membrane disruptive potential of the carrier system.
A certain membrane fusogenicity is necessary for endosomal escape, while excessive
disruption of endolysosomal compartments or cellular membranes can trigger
immunogenicity, apoptosis and toxicity'33¥ %5, |t was therefore a remarkable finding that the
investigated library contained a polymer with exceptional gene knockdown as well as

superior safety profiles (Figure 111.1D, green area).

14.2 Nested CV Approach

Building upon the nested cross-validation framework described before!*¢, we implemented
a similar approach with specific modifications tailored to our low-data context (Figure I11.2A).
First, recognizing the limitations of complex models in data-scarce settings, we opted to
exclude the neuronal network component present in the referenced methodology. Second,
to ensure the hold-out set was representative of the training data distribution, we stratified
the dataset based on the target variable, dividing the data into five bins prior to splitting.
This stratification ensured that each fold maintained a similar target distribution to the overall
dataset. Furthermore, within the inner cross-validation loop, we employed LOOCV. LOOCV
was chosen to maximize the training data available for each inner fold, which is particularly
advantageous when working with limited datasets. In our experiments, we trained models
to predict two distinct target variables: Gene Expression post-treatment and Toxicity,
guantified as IC50 (see Methods section for details). We also investigated the potential
benefit of incorporating additional nanopatrticle characteristics, specifically stability, as input

features. Consistent with the nomenclature used in3!, we refer to the variant that includes

;
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should not be confused with the standard fewzhot/onezhot paradigms that describe limited

numbers of training examples. While we observed improved results for the few-shot

approach for all Gene Expression models (Figure 111.2B), addition of stability did not seem

to have a big impact on the IC50 value (Figure 111.2C). The only model that slightly improved

was the DecisionTree (DT). However, its performance was still poorer than that of the best
zero shot-model, which was the RandomForest (RF) with an MAE of 0.3673. For the Gene

Expression model, XGBoost outperformed other models (MAE of 14.18). However, for the

few-shot model, the Support Vector Regressor (SVR) was slightly better. Good performance

of an SVR with low data and non-linear interactions was already seen previously**’. Among

the best performing model class, we picked the best hyperparameter-setting for the most

robust models (Figure 111.S5), which were further optimized in the next steps.
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Figure 111.2: Nested-Leave-One-Out Cross-Validation Approach A) Machine learning pipeline where data is
preprocessed and subsequently categorized to allow for stratified splitting of holdout data. The train set is used
to tune each algorithm with a random hyperparameter search and leave-one-out validation. The process is
repeated ten times and the mean absolute error is calculated to obtain the most robust model. B) Mean Absolute
Error of multiple models tested for Gene Expression with the ML pipeline. Few-Shot models (blue) with stability
measurements of nanoparticles included. The models marked with an asterisk and a bold frame are the most
robust models selected for optimization. C) Mean Absolute Error of multiple models tested for IC50 with the ML
pipeline. Few-Shot models (blue) with stability measurements of nanopatrticles included. The models marked
with an asterisk and a bold frame are the most robust models selected for optimization.
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14.3 Feature Ablation Experiment

To further optimize model performance and enhance process understanding, we conducted
a feature ablation experiment (Figure 111.S6). In this experiment, we evaluated the
performance of each model, assessed via Leave-One-Out Cross-Validation (LOOCV), by
iteratively removing individual features. For the Toxicity model, feature ablation revealed no
statistically significant performance differences; only a marginal increase in MAE was
observed when removing Temperature for the zero-shot model and Time for the few-shot
model. Conversely, for the Gene Expression model, we observed that ablating Time and
Diacrylate-Ratio (DAR) improved zero-shot model performance. In contrast, DAR remained
important for the few-shot model. These findings align with our prior work, which indicated

a limited impact of reaction time on polymer characteristics.

14.4 SHAP Analysis

To gain deeper insights into model decision-making, we calculated SHAP (SHapley Additive
exPlanations) values for all models (see Figure IlIl.3A and 11.3B). The SHAP analysis
generally corroborated the findings from the feature ablation experiment. Furthermore, it
elucidated feature importance for predicting high knockdown/low gene expression,
suggesting a requirement for high oleylamine content (OA Initial) and elevated Temperature
(Tem) in the zero-shot model. In contrast, the few-shot model's SHAP values reflected the
stability threshold identified previously. For the IC50 prediction, Temperature emerged as a
significant parameter, with lower temperatures associated with reduced toxicity, while
higher OA Initial concentrations appeared favorable. This observation may be attributed to
the potential formation of a side-product at elevated temperatures, as documented in our
earlier publication!?®. Stability, however, exhibited no influence on predicted toxicity (Figure
[11.3B). It is important to note that SHAP values represent model interpretations rather than
ground truth and, given the weaker predictive performance of the IC50 model, these results
require cautious interpretation. Detailed SHAP plots for all models and features and
correlation plots between SHAP values and features are provided in the Supplementary
Information (Figure 111.S7 and 111.S8).

14.5 Final Model Performance and Baseline Comparison

To demonstrate the final model performance, we benchmarked both the zero-shot and few-
shot models against a dummy baseline model (see Methods section). Additionally, we
visualized the results in predicted-versus-real plots (Figure I11.S9). The Gene Expression

zero-shot model exhibited promising performance, achieving a MAE of 10.59 and a Pearson
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correlation coefficient (r) of 0.8494 in the predicted-versus-real plot (Figure Ill.S3A and

Figure III.9A). The incorporation of stability as a feature further enhanced predictive

performance (MAE= 7.605, r=0.9078), underscoring the existence of a stability threshold

above which particle stability is too high to release the cargo into the cytosol, what was

already observed in earlier work (Figure Il1l.3A and Figure 111.S9B). For the Toxicity model,

performance improvements over the baseline (MAE of 0.2816 versus MAE of 0.3476) were

observed, and a correlation between predicted and experimental values was evident for the

zero-shot model (r= 0.3605, Figure 111.3B and Figure I1I.S9C). However, no significant

difference was found between the zero-shot and few-shot models (Figure 111.3B and Figure

[11.S9D), further supporting the conclusion that stability does not substantially influence the

toxicity of the nanocarrier system.
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model and below: few-shot model B) IC50 MAE Comparison of optimized Few-Shot and Zero-Shot Models with
a Dummy-Baseline Model evaluated with LOOCV upper panel: SHAP values of Zero-Shot model and lower
panel: few-shot model.

14.6 End-to-End Prediction Pipeline and Validation

To ultimately validate the utility of machine learning with limited data, for predicting novel
formulations, we constructed an end-to-end prediction pipeline (Figure I11.4A). This pipeline
involved generating all feasible combinations within physically plausible feature ranges and
employing our zero-shot models as an independent multi-output model to predict Gene
Expression/Knockdown and Toxicity. Given the superior predictive power of the Gene
Expression model, we implemented a hierarchical sorting strategy, prioritizing high
knockdown followed by low toxicity. The model-predicted optimal polymer, termed ML-2 and
characterized by 95% OA Initial and synthesis at a Temperature of 130°C, was
subsequently synthesized (see Methods section), analyzed (see Figure 111.S10 and Figure
n.s11) , and experimentally validated. To further
added additional SHAP waterfall plots (see Figure 111.S12 and Figure 111.513), confirming
the resul ts f rsbeaswarmplot.f ul | model 0
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Figure Ill.4: In vitro performance evaluation and comparison of optimized PBAEs. A) Overview of the prediction
pipeline for the optimized polymer, B) Histogram and Dot plot of H1299 eGFP cells treated with Lipofectamine
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determined via CTB assay with n=3, and E) stability of ML-2 determined through Heparin and Triton-x
competition. Dots depict mean of n=3.

To validate the performance of the new ML-2 polymer as pulmonary delivery agent, it was
compared against a previously reported lead candidate®? derived from classical trial and
error synthesis optimization. I n the fol
candidate. Besides different synthesis settings, these two polymers mainly differ in their OA
ratio, with the predicted ML-2 having a higher ratio at 93% and the previous Lead polymer
a lower at 75%. To investigate if the new ML-2 polymer was indeed superior in performance,

a gene knockdown experiment in H1299 eGFP cells was conducted. As shown in Figure

93

owi



I11.4 B) ML-2 did indeed mediate a more potent gene knockdown than the Lead polymer and
seemingly a more complete downregulation than Lipofectamine 2000 (Figure 111.4 B). The
median fluorescence intensity did not differ significantly between Lipofectamine 2000 and
ML-2 (Figure 1Il.S1 4 ) . To get a more detailed view on
performances, the dot plots of the cell populations were compared via the gated percentage
(Figure 111.4 B +C). ML-2 was clearly superior to the Lead polymer but showed again no
statistical difference compared to Lipofectamine 2000. The Lead polymer on the other hand
showed a large cell population with a non-complete gene knockdown. This indicates that
the lead polymer does not reach saturation of cytosolic sSiRNA delivery unlike ML-2. This
difference of saturation is also depicted in the gated percentage (Figure 111.4 C) and clearly

shows the superior efficiency of ML-2 compared to the Lead polymer.

A major downside of the previous Lead candidate is the early onset of toxicity as can be
seen from the CTB curve (Figure lll.4 D). Even though the ICso value of the Lead polymer
is in an excellent range with 89 pg/mL, the early onset of the curve decline indicates that
toxicity can already occur at much lower concentrations. ML-2 showed a superior ICso value,
although in a comparable range with an ICso value of 109 ug/mL. However, additionally to
a higher ICs value, the curve decline was also much steeperi ndi cati ng a much
of toxicityod at hi gher concentrations. Thi s
learning approach since ML-2 showed to have better efficiency and safety profiles than the

previous lead candidate.

Finally, to prove our previous findings, we determined the stability of the ML-2 nanopatrticles
(Figure 11l.4 E), which was in the expected range, below the above-described threshold

necessary for successful gene delivery.
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Figure 111.5: In vivo results of the lead and ML-2 comparison. A) Fold-c hange of GAPRtin agai nst
determined by @pCt method with buffer only as reference

of bladder, lungs, liver, kidneys, spleen, and heart (from left to right) 24 hours after intratracheal instillation of 1
nmol siRNA encapsulated into lead (top three) and ML-2 (bottom two) polymer, or C) 1 nmol of pure siRNA. D)
Flow cytometric analysis of cell suspension generated from mouse lungs through tissue grinders. E) Cytokine
expression measured in BALF samples, normalized to the respective maximum value. F) Tissue slices from
mouse lungs treated with ML-2 (top) encapsulating siGAPDH (left) and siNC (right) and lead polymer (bottom)
encapsulating siGAPDH (left) and siNC (right).

In order to investigate if the superior properties of ML-2 would translate into an in vivo model
both polymers were applied to female BALB/c mice intratracheally. Unfortunately, no clear
gene knockdown for ML-2 was observed as well as just a slight reduction in gene expression
for the Lead polymer (Figure 1ll.5. A). This could be associated with the GAPDH
housekeeping gene, which plays a crucial role in cell metabolism. A forced downregulation
via e.g. siRNA can lead to upregulation of the gene translation as compensation, which is
reflected by the observation, that PEI did not mediate a gene downregulation either.
Additionally, the loss of efficacy moving from in vitro to in vivo models is not unprecedented.
Another reason for this poor in-vitro-in-vivo correlation could be the challenging barriers in
intratracheal applications such as the presence of respiratory mucus and the
bronchoalveolar architecture. To investigate this hypothesis, we tested the Lead polymer in
an air-liquid- interface (ALI) cell culture model of mucus producing CALU-3 cells where a
similar loss in efficacy was observed (Figure 111.S15.). This shows that the bronchial mucus
forms a major barrier neglected by the machine learning algorithm utilized here. Although
the mucus hampers the delivery of the nanopatrticles to the lung cells, a considerable
retention within the lungs (Figure IIl.4 B) was still observed compared to blank siRNA
(Figure 1Il.4 C), which was rapidly distributed throughout the entire body. A deeper
investigation of the uptake into lung cells through flow cytometry showed that especially the
Lead polymer mediates a considerable uptake in most cell types (Figure 111.4D and Figure
111.S16). For a therapeutic effect, uptake into epithelial and type |l pneumocytes, the most
relevant and most prevalent cell types, is commonly aimed for. In both cell types, the Lead
polymer enabled a superior uptake compared to the ML-2 polymer, but both were increased
compared to pure siRNA. A negative correlation between polymer hydrophobicity and
mucus penetration might be the reason for the superior uptake for the Lead compared to
ML-2 polymer. Since the second optimization task of the algorithm was toxicity, the in vivo
compatibility was investigated next. To exclude false positive results, polymers were tested
for endotoxins and confirmed to be endotoxin free (Figure 111.S17). BALF Cytokines showed

partially higher levels after treatment with the Lead polymer than after administration of PEI
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polyplexes (Figure 111.4 E and Figure 111.S18). Treatment with the ML-2 polyplexes, on the
other side, resulted in comparable cytokine levels as measured after administration of free
siRNA or Buffer alone, indicating high biocompatibility. These findings were complemented
by the tissue slices prepared from treated lungs, where only for the Lead polymer immune
cell invasions were observed, whilst ML-2 was comparable to pure siRNA application
(Figure 111.4 F and Figure 111.S19). These results show the successful improvement of safety
and tolerability of the predicted PBAE. One reason could be the more stealth-like properties
mediated through the higher hydrophobicity. Especially in macrophages and DCs, the
uptake of ML2 was comparable to pure siRNA indicating an evasion of immune recognition,
which can also be seen in the low levels of TNF-U, -6larld IL-27 (Figure 1.4 E and F).

15 Conclusion

This study successfully demonstrated the efficiency of machine learning for extracting
valuable insights from well-structured data, even with limited datasets. Furthermore, the
successful synthesis of an optimized nanocarrier using predicted conditions validates the
Nested-Leave-One-Out Cross Validation approach as a valuable tool for developing
generalizable prediction for the selected feature space. Feature analysis also proved crucial
for gaining deeper mechanisti However, the model's exclusive reliance on in vitro data
resulted in predictions that did not fully translate to the complexities of in vivo environments.
Therefore, future research incorporating in vivo data from the early stages of optimization
is essential to develop more robust and clinically translatable predictive models, ultimately

leading to improved therapeutic outcomes.

16 Data Availability

All experimental data and the Python code used are available upon request. The data used

to fit and validate the Machine Learning models are shown in Figure 111.S20.
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19 Supplementary Information

Table S1: adjusted from Zimmermann et al, doi: 10.1016/j.jconrel.2022.09.021. Sequences of siRNAs used in
the study. Nt = nucleotides; GFP = green fluorescence protein; NC = negative control; GAPDH = housekeeping
gene GAPDH; A = Adenine; C = Cytosine; G = Guanine; U = Uracil; T = Thymine; p = phosphate residue; lower
case bold letters = 2"-deoxyribonucleotides; capital letters = ribonucleotides; underlined capital letters = 2"-O-
methylribonucleotides.

Name Sense stB8and Antisense strand ( 3656 ) Length (nt)

Sense Antisens

e

SiGFP pACCCUGAAGUUCAUCUG ACUGGGACUUCAAGUAGAC 25 27
CACCACcg GUGGUGGC

SiNC pCGUUAAUCGCGUAUAAU CAGCAAUUAGCGCAUAUUA 25 27
ACGCGUat UGCGCAUAp

SiGAPDH pGGUCGGAGUCAACGGAU UUCCAGCCUCAGUUGCCUA 25 27
UUGGUCqgt AACCAGCA

SiGAPDH PAGCAUCUCCCUCACAAU ACUCGUAGAGGGAGUGUU 25 27
(MM) UUCCAUCcc] AAAGGUAGG

Figure 111.S1: Gating strategy for flow cytometric analysis of single cell suspensions obtained from mouse lungs.
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Figure 111.S4: Correlation between IC50 values determined via LDH and CTB.
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GeneExpression ZeroShot :

XGBRegressor( learning_rate=0.2, max_bin=None,

monotone_constraints=None, n_estimators=100)

GeneExpression FewShot:

IC50 ZeroShot :

min_samples_leaf=4, oob_score=True)

IC50 FewShot:

max_cat_threshold=None, max_cat_to_onehot=None, max_delta_step=4,

max_depth=4, max_leaves=None, min_child_weight=2.0, missing=nan,

SVR(C=1, degree=4, epsilon=0.2, kernel="poly', shrinking=False)

RandomForestRegressor(ccp_alpha=0.005, criterion="absolute_error’,

RandomForestRegressor(ccp_alpha=0, criterion="absolute_error’,

min_samples_leaf=4, min_samples_split=8, oob_score=True)

Figure 111.S5: Model and Hyperparameter Settings after evaluation
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Figure 111.S6: Feature ablation study for A) Zero-Shot Gene Expression B) Few-Shot Gene Expression C) Zero-
Shot IC50 D) Few-Shot IC50.
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Figure 111.S7: SHAP results with all features A) Zero-Shot Gene Expression B) Few-Shot Gene Expression C)
Zero-Shot IC50 D) Few-Shot IC50.
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Figure 111.S8: Scatter plots of SHAP values and used features after the feature ablation study for the Few-shot
model for A) the Gene Expression Model and B) the IC50 Model.
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Figure 111.510: 1H-NMR of the ML-optimized polymer ML-2.
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Figure 11.S15: GAPDH gene expression determined via gPCR in air-liquid-interface-cultured CALU-3 cells?”
after treatment with Lipofectamine or Lead polymer encapsulating siNC or siGAPDH. No sequence-dependent
significant difference was found (n=3).
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Figure 111.S16: MFI of all alive cells measured from mouse lung single cell suspensions.

Endotoxin test using a LAL -reaction (S)

To ensure an endotoxin free synthesis product polymers were investigated using the
Endosafe® Endochrome-KE Kinetic Chromogenic (KCA) LAL Endotoxin Detection
Reagent (Charles River, Sulzfeld, Germany). Briefly, A calibration curve was prepared from
the kits reference sample in duplicates in a range from 0.05 to 5 IU/mL. Polymer samples
of the lead candidate and ML-2 were prepared in two concentrations of 0.1 and 0.01 mg/mL
in duplicates. One sample of each polymer concentration was spiked with endotoxin
references to a final concentration of 0.5 I.U./mL, while the other sample was used without
any further modification. To 100 mL of the respective samples, 100 pL of freshly
resuspended LAL-reagent was added. After 5 minutes of incubation at 37°C, sample
absorbance was measured with a plate reader at 374 nm (TECAN Spark, TECAN,
Mannedorf, Switzerland. At 37°C all samples were measured every 15 seconds at the same
seconds for 30 minutes. No increase above an absorbance value of 1 after 30 minutes was
interpretated as an Endotoxin Concentration below the LoD for the kit and stated as

AEnNndof oeieo .
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Figure [11.S17: LAL Endotoxin Detection results showing the calibration measurement of pure endotoxin
standards (left, top), samples spiked with 0.5 IU/mL endotoxin standard (left, bottom) and samples without any
modification (right).
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Figure 111.S18: Cytokine quantification from BALF samples using the ELISA Inflammation Panel, reported as
pa/mL.
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Chapter |V - Machine Learning -Enabled Polymer

Discovery for Enhanced Pulmonary siRNA Delivery
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2 Abstract

Nucleic acid therapeutics are poised to revolutionize the clinical treatment of diseases once
considered undruggable. Although these therapeutic approaches hold significant promise,
delivering the nucleic acid cargo remains challenging due to susceptibility to nuclease
degradation. Among all carrier systems, polymers stand out for their high tunability and cost-
effectiveness. However, their flexible structure greatly expands the chemical space, making
experimental exploration both costly and time-consuming. Leveraging published data and
machine learning methods provides a valuable strategy to address these issues. The
present study demonstrates a way to merge data from multiple sources and use this
information to identify a new polyester that effectively delivers siRNA into lung cells. The

newly discovered polymer was further examined in ex vivo experiments and tested in a
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mouse model. The results indicate that a polymer capable of silencing specific genes in vivo
can be discovered through machine learning, circumventing an extensive trial-and-error

process in the search for novel materials.

Keywords: Machine learning; polymer discovery; siRNA delivery; pulmonary delivery;

polymeric nanoparticle; polyester; Poly(beta)aminoester

3 Introduction

Therapeutic nucleic acids (NAs) are one of the most promising innovations in clinical
research. A huge number of diseases that were previously considered undruggable, such
as hypercholesterolemia®® o r Hunt i ng t°ccandrow lmkitreated effectively
through this groundbreaking approach to therapy. Since the discovery of NAs by Friedrich
Miescher® in 1868, extensive research has been conducted aiming to translate this
technology into actual medicines. It was in 1998, when the first NA-based drug, vitravene®,
received approval by the FDA for the treatment of cytomegalovirus (CMV) retinitis. However,
as of 2024, only 20 further applications have been approved!*’. One reason for the slow
progress may be that NAs, and particularly ribonucleic acid (RNA) is unstable in the
bloodstream and rapidly degraded by ubiquitous RNases. To circumvent this limitation, it
became common practice to encapsulate RNA into carrier systems that protect the cargo
from enzymatic degradation and help to guide the NAs to the desired tissue. In this context,
lipid nanoparticles (LNPs) have become increasingly popular. As of today, three LNP-based
RNA therapeutics have received FDA market approval, namely the SARS-CoV-2 vaccines
Comirnaty, and Spikevax as well as Onpattro, a therapy for hereditary transthyretin-
mediated (hATTR) amyloidosis. However, LNPs have been associated with certain
concerns, including their potential to trigger inflammation'*?, immunogenicity*** and
challenges with long-term storage’’. Therefore, polymeric carrier systems have been
proposed as an alternative to circumvent the limitations of lipid-based carriers**®. Polymer
materials are generally very flexible and can be modified with optimized chemical structures.
This enables simplified adaptation as, in contrast to LNPs, only a single component needs
to be adapted. To condense polyanionic RNA via electrostatic interactions, polymers need

to contain protonable groups. In many cases, amines are introduced in the polymer structure
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to fulfil this role'**. However, nanoparticles formulated with polycationic materials may cause
safety issues if they are unable to be properly excreted, resulting in their accumulation within
the body. Polycations remaining in the body can interact non-specifically with intracellular
proteins and peptides, which may affect their functionality, and lead to cytotoxicity. This
limitation can be addressed by introducing biodegradability into the polymer, which is very
common in polyester structures. In addition to biodegradability, the inclusion of specific
structural motifs, such as hydrophobic segments, is essential in enhancing the functional
properties of the polymer. These hydrophobic motifs!*® are usually included in forms of
amphiphilic block copolymers® to shield excessive electrostatic interactions. Additionally,
these additions supplement the base polymer with hydrophobic properties for interactions
with RNA and biological membranes, which support better performance in cellular uptake,

endosomal escape and many more.

Unfortunately, understanding the exact structure activity relationship between block
copolymers and successful delivery of cargo is highly complex and far from trivial. This
complexity is amplified by the thousands of potential variations in polymer architecture,
composition, and environmental interactions, as well as the fact that synthesizing these
polymers is both time-intensive and requires significant material resources, adding to the
challenge of systematic exploration. Yet, it is exactly this understanding that is necessary
to design new high performing and safe carrier systems. In recent years, the development
and application of artificial intelligence algorithms have significantly increased. These
algorithms might help to uncover the underlying patterns differentiating successful from
unsuccessful block copolymers and facilitate the virtual screening of potential candidates
before synthesis. Machine learning (ML) models that could be used to make this possible,
are highly data driven and therefore dependent on available experimental data. While ML
is already broadly used for polymeric property predictions such as Tg'® or dielectric
constant*’, not much work is published on using ML models for the design of new
amphiphilic polymeric nanocarriers. Pioneering work in this field was conducted by the
groups of Green'?® and Reineke'?. Both used high-throughput synthesis and screening
methods to collect data and make predictions for unseen combinations. The need for the
availability of high throughput screening opportunities is however limiting the wider use of

these approaches. Furthermore, the authors relied solely on machine learning applied to a
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single type of polymer, which inherently limits the exploration of the broader chemical space

and restricts the potential to uncover diverse structure-activity relationships.

Here, we show how the discovery of new polymeric nanocarriers can be guided with a
prediction model trained on literature data for different kinds of polyesters. In this work, we
emphasize pulmonary siRNA delivery to the lungs as a demonstration of our approach,
while noting that it could equally be applied to other therapeutic cargo and targets, following
a similar strategy. We collected >600 different polyester structures used for siRNA delivery
from previous publications and trained multiple ML models with the corresponding gene
silencing data. To obtain insights into polymeric siRNA delivery, we investigated key factors
that drive successful delivery of cargo. Our lead model was then used to synthesize a novel
amphiphilic polymer, which was subsequently tested for its performance of delivering
siRNA. Starting with in vitro testing we progressively increased biological complexity by
evaluating the polymer in an air-liquid-interface model followed by ex vivo human Precision-
Cut-Lung-Slices (hPCLS). These models reflect critical challenges in pulmonary RNA
delivery, including RNase activity, the mucus barrier and tight junctions in respiratory
epithelium. Finally, we evaluated the polymer 0:

ability to facilitate gene knockdown in an in vivo murine model.

Our approach offers an easy-to-use method for designing new nanocarriers by utilizing
historical data. Additionally, we demonstrate how data from a broader chemical space can
be used to identify polymeric properties essential for successful delivery. To the best of our
knowledge, we are the first to synthesize an amphiphilic polymer for siRNA delivery using
ML, thereby contributing to a deeper understanding of RNA delivery via polymeric

nanocarriers.

4 Results and Discussion

4.1 Generalizable Machine Learning Framework

A primary goal of this study is to empower researchers lacking HTS capabilities to employ
ML on existing literature data. Our methodology achieves this by systematically integrating
information from diverse sources into a unified dataset. However, compiling data from

literature presents an inherent challenge: balancing the scope of chemical diversity. On the
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one hand, sufficient diversity is desirable for training models that yield generalizable insights
into structure-property relationships. On the other hand, literature datasets are often sparse
compared to HTS data. Including systems with widely divergent chemical structures or
fundamentally different delivery mechanisms introduces significant noise. With limited data
points, this can easily overwhelm the underlying patterns related to a specific delivery
strategy, preventing the ML model from effectively learning the relevant mechanisms.
Therefore, our approach necessitates carefully constraining the literature search to a
‘comparable chemical space'd focusing on systems sharing core structural similarities and
presumed mechanisms. This focused scope enhances the signal-to-noise ratio, enabling
the model to identify meaningful correlations even from limited data. We illustrate this
methodology using a curated dataset of amphiphilic polyester structures, representing a

class with comparable underlying chemistry.

Converting molecular structures into a format readable for a ML algorithm is a prerequisite
for ML applications in the chemical space, and several methodologies have been
proposed.®14814 Commonly employed fingerprints or SMILES rely on purely structural
information, limiting their use for a generalization as required here. This limitation can be
overcome using representation as molecular graphs or molecular descriptors°.
Unfortunately however, using descriptors alone also does not necessarily lead to a good
generalization since high dimensional representations are prone to overfitting*>. Thus, we
used a Tree-Based feature reduction to eliminate descriptors that did not contribute to the
overall prediction of the model. To ensure valid representations of polymeric data, each of
the polymer building blocks (hydrophilic, hydrophobic, endcapping), was separately
encoded, and the ratio information was embedded by multiplying each descriptor with this
ratio factor. The molecular weight and the cell type used in the original dataset were added
to the sample. The latter was achieved using one-hot encoding, a method that converts
categorical features into binary vectors, enabling their representation in machine learning
models. To minimize the noise that is introduced by the experimental data and especially
by merging datasets of different origin, we decided to use a binary binning approach to turn
the regression problem, using the reported gene silencing percentages, into a classification
problem. We selected a gene knockdown efficiency of 50% as threshold to separate the
formulations into two different classes, reflecting our primary goal of assessing whether

synthesizing a polymer is worthwhile rather than focusing on exact gene silencing values.
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Utilizing binary classification generally enhances interpretability, simplifies the analysis and

effectively addresses data imbalance.

Using the prepared dataset, we first compared different ML algorithms (Figure 1V.S1A). To
address the imbalance in the dataset, balanced accuracy/mean recall was used to handle
potential model biases towards the major class and a RandomOverSampler was used to
guarantee balanced training. The data was split into a train/test set at a ratio of 80:20 and
100 models were trained using each algorithm. The LGBMClassifier®™® showed the best
performance (0.8217 balanced accuracy) and was therefore selected for further
optimization. We then compared different resampling strategies (Figure 1V.S2), with
SMOTEEN?®? showing the best balanced accuracy (0.8309). After tuning using hyperopt
(Figure 1IV.S3), additional feature reduction was performed, where eleven features lead to
the best model performance (Figure IV.1A). This process was visualized using UMAP,
revealing how feature reduction minimized gaps in the chemical properties space (Figure
IV.1B). This approach was aimed to reduce the risk of overfitting while limiting the
physicochemical information required to encode molecular structures. This ultimately
facilitated the integration of different datasets and the generalization of unseen structures.
The eleven most important features, using SHAP are shown in Figure 1V.S4. The tuned
LGBMClassifier was finally evaluated using 100 stratified train-test splits of 80/20 and
showed a mean balanced accuracy of 0.8462 on the validation sets (Figures IV.1C and
IV.1D). Afterwards, the model was trained on the entire dataset and used for the prediction

task. The full workflow is also visualized in Figure IV.S5.
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4.2 Experimental Validation

To experimentally validate the trained classifier, novel polymers were rationally designed
from available precursors via established synthetic routes. Given our group's significant
expertise in synthesizing and characterizing poly(beta-amino ester)s (PBAES), this class of
polymers was selected as the focus for the validation set. To the best of our knowledge, all
selected polymers are unpublished structures. The classifier predicted their potential
knockdown efficiency. Based on these predictions, three polymers expected to exhibit low
efficiency and three expected to exhibit high efficiency were selected for chemical synthesis
and subsequent in vitro evaluation. Their schematic structures were shown in Figure 1V.S6,
with specific chemical structures provided in Figures IV.S7-S12. siRNA was formulated with
these polymers at an N/P ratio of 10, and polyplexes were characterized regarding size,

polydispersity and zeta potential, as presented in Figure IV.S13. Gene silencing efficiency
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was assessed in both enhanced green fluorescent protein (eGFP)-stably expressing H1299
cells (using siRNA targeting eGFP) and A549 cells (using siRNA targeting epidermal growth
factor receptor (EGFR)). Consistent with the predictions, all three polymers anticipated to
have low efficiency demonstrated negligible knockdown efficiencies (Figure 1V.S14).
However, the polymer OA-BG, comprising full oleylamine (OA) modification with bisphenol
A glycerolate (BG) as its backbone, predicted as a high-efficiency candidate, failed to
achieve the 50% knockdown threshold, reaching only 31.88% eGFP knockdown in H1299-
eGFP cells and 24.62% eGFR knockdown in A549 cells. These results represented
approximately 30% of the knockdown efficiency achieved by Lipofectamine 2000 and thus
OA-BG was considered a false positive. In contrast, the other two polymers predicted to be
high-performing, SP/TDA-BG (spermine/tetradecylamine with the BG backbone) and
SP/OA-BG (spermine/oleylamine with the BG backbone), successfully demonstrated the
predicted high knockdown efficiencies (91.82% and 96.17% eGFP knockdown,
respectively). Overall, five out of six polymers were correctly classified, resulting in an
experimental validation accuracy of 0.8333, which closely aligns with the classifier's

estimated performance metric of 0.8462 (Section 2.1).

4.3 Characterization of Polymer and siRNA -loaded Polyplexes

Following the experimental validation in Section 2.2, among the polymers tested, SP/TDA-
BG demonstrated high transfection efficiency, in agreement with the classifier's prediction.
Given its promising performance, we selected SP/TDA-BG as a model polymer for further
systematic investigation into the relationship between its structural characteristics and
biological activity. Although the machine learning model specifically suggested a 50:50
SP:TDA ratio as optimal, inspired by the transfection cliffs theory!>3, we sought to investigate
how minor deviations from this compaosition might impact transfection performance, as such
effects are not necessarily captured by the machine learning model**. Hence, we
synthesized the corresponding PBAE polymers following the synthetic procedure shown in
Figure IV.2A, adjusting the molar ratios of cationic monomer spermine and lipophilic
monomer tetradecylamine from 40% to 60%, which were further confirmed by 'H NMR
analysis (Figure IV.S15). In addition, referring to our previous work on efficient siRNA
delivery via amphiphilic PBAEs incorporating SP and OA with 1,4-butanediol diacrylate as
the backbone®%5, we also selected PBAE SP0.3/OA0.7 as a benchmark for comparative

evaluation in our study.
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The polymers were then complexed with siRNA at different N/P ratios. It is worth noting that,
in the used dataset, N/P ratios were always set to at least 15 to ensure complete siRNA
encapsulation and corresponding effectiveness. However, in our experimental work, we
aimed to minimize polymer use, to particularly improve in vivo tolerability, based on our
previous studies confirming efficient gene silencing and encapsulation at lower N/P
ratios'®**>, Therefore, we initiated screening from an N/P ratio of 3, increasing up to 10.
Specifically, we assessed the physicochemical properties of the formed polyplexes,
including size, size distribution and zeta potential. Most polyplexes formed with diameters
ranging from 50 to 300 nm and acceptable PDI values around 0.2 (Figure IV.2B). Examining
the zeta potential, a significant change was observed between N/P ratios of 3 and 5,
particularly in case of polyplexes prepared with PBAEs SP0.5/TDAO0.5 and SP0.4/TDAO.6,
which displayed noticeable charge reversal (Figure 1V.2C). Incomplete or unstable
encapsulation of siRNA at N/P 3 (Figure IV.S17) could explain this observation. This near-
neutral flipping zeta potential also revealed colloidal instability as evidenced by the
extremely large size exceeding 2000 nm in case of polyplexes prepared with PBAE
SP0.3/0A0.7 at N/P 5. When the ratio was increased to N/P 7 and N/P 10, the siRNA was

completely encapsulated and the polyplexes were more stable in size.

Although stable formation of polyplexes is important for siRNA delivery, appropriate sSiRNA
release is equally critical for successful gene silencing as the final action site will be in the
cytoplasm, where the released siRNA cargo from polyplexes should bind with the RNA-
induced silencing complex (RISC) to fulfill its function. Therefore, we investigated siRNA
release from polyplexes in the presence of Triton X and heparin, which will competitively
interfere hydrophobic and electrostatic interactions, respectively. After a non-linear fitting of
released siRNA to the added interferents, EC50 values revealed that the release of equal
amounts of siRNA from the polyplexes required higher concentrations of Triton X and
heparin (6.2% vs. 5.2%) when the spermine ratio in the polymers increased from 40% to
60% (Figure 1V.2D). The EC50 value for SP0.3/OAO0.7 polyplexes was even higher (12.1%),
demonstrating the tightest binding between siRNA and the polymer in our study. The binding
strength effectively protected siRNA from degradation by RNase, as all formulations
retained more than 90% siRNA content after incubation with the enzyme. In contrast, free

SiRNA lost 99% of its integrity when treated with the same amount of RNase (Figure IV.2E).

120



A

SINS< LN T

Bisphenol A glycerolate
(1 glycerol/phenol) diacrylate

Polymerization
(DMF, 48h, 90 °C)

>

Tetradecylamine (TDA)

MR - N 3 I s 2
o S { Sn S ) No~*'o~o o~ o' Ml to~y o 0™~"o
(i X Deprotection & OH OH L OH OH
g (DCMITFA, 20, RT) [ M, o Fr o
I 1 \l ‘FAS”TQ F’S(;O
S0l > ol
/T(’g“)\ HaNL
HN.O
) a 1. SP TDA L
nL - —m
4000— ~0.6 40
2000 \ i
300 \ 20
L 04 . =
. ’ 04 E
E k]
= =
< a0 : 35 o
N °
" " - . ;.
= o 02§
100 k! - -20+
-40 T ] | T T T T T T T T T T T T T
S 6 A DD 0 A D B A D D 6 A DA DD 6 A D D 6 A S D 6 A
L | L ] L 1 L ] L ] L ] | ] L ]
SP0.6/TDA0.4  SP0.5/TDA0.5  SP0.4/TDA0.6  SP0.3/0A0.7 SP0.6/TDA0.4  SPO.5TDA0.5  SPO.4/TDA0.6  SP0.3/0A0.7
100 125+
Il RNase (-) B8 RNase (+)
- ~— SP0.3/0A0.7 |—'—{
S __ 100+
< g
- <
= — SP0.4/TDA0.6 - . Z 754
'g D
o
g % s0-
° — SP0.5/TDA0.5 ||| °
14 7]
o
25
— SP0.6/TDA0.4 - |-|-|
A 2 0
T T Q
-20 0 5 10 15 <\°v~
Log% of Triton + Heparin \a

ECS0

Figure 1V.2: Characterization of synthetic polymers and siRNA-loaded polyplexes. (A) Synthesis procedure and
the structure of SP/TDA-BG PBAE polymers. (B) Hydrodynamic diameter (represented by bar graph),
polydispersity (represented by symbol), and (C) zeta potential of sSiRNA-loaded polyplexes prepared at different
N/P ratios. (D) siRNA release from polyplexes at N/P ratio of 10 in the presence of Triton X and heparin using
SYBR Gold assay, and EC50 values obtained by non-linear fitting analysis of released siRNA to added
interfering substances. (E) RNase protection assay of polyplexes prepared at an N/P ratio of 10. Polyplexes
were firstly treated with RNase at 37°C for 30 min, followed by RNase deactivation by heating to 70°C for 30
min. After incubation with Triton X and heparin, released siRNA was quantified using SYBR Gold assay. Results
are presented as mean ° SD, n=3.
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4.4 In Vitro Performances: Cytotoxicity, Cell uptake and Knockdown Effects

We initially evaluated the safety profile of our polyplexes by assessing the viability of H1299
cells exposed to increasing polymer concentrations. The cell counting kit (CCK-8) assay
showed a dose-dependent trend in cell viability. Notably, even at the highest N/P ratio of
20, cell viability remained above 80%. When the N/P ratio was reduced to 10, the viability
of H1299 cells consistently reached 90-95% in all groups (Figure IV.3A). Therefore, all
following experiments were conducted at an N/P ratio of 10 or lower. Next, we performed a
wider uptake screening of polyplexes formulated from N/P 3 to N/P 10 in H1299 cells. With
increasing N/P ratio, the uptake of all polyplex formulations was improved (Figure 1V.3B).
Quenching the fluorescent signal on the cell surface with trypan blue, only resulted in a
negligible decrease in the detected mean fluorescence intensity (MFI), indicating
internalization of the polyplexes rather than non-specific adsorption on the surface.
Furthermore, the knockdown effects of enhanced green fluorescent protein (eGFP) in
H1299 cells stably expressing eGFP were consistently exceeding 94% in all polyplexes
formulated at N/P ratios > 3 (Figure 1V.3C).

The uptake of polyplexes at N/P 10 in A549 cells mirrored the trends observed in H1299
cells, with reduced uptake observed when either SP or TDA proportions exceeded 60%
(Figure 1V.3D). This aligns with the mechanism of adsorptive endocytosis which is generally
associated with polyplex uptake!®®. For highly hydrophilic cationic polymers such as
poly(ethyleneimine) (PEI) and poly(L-lysine) (PLL), uptake primarily relies on electrostatic
interaction with cell membrane®®"**8, Hydrophobic modifications, however, have been shown
to enhance uptake through interactions with lipids and membrane proteins*®!°, Similarly,
Rui et al. reported that increasing PBAE hydrophobicity initially boosted uptake before
declining, regardless of whether delivering siRNA, mRNA or DNA®. In our study, PBAE
SPO0.5/TDAO.5 polyplexes achieved the highest uptake, with an MFI > 80,000. This indicates

that a balance of electrostatic and hydrophobic interactions is crucial for optimal delivery.

Importantly, improved cellular uptake does not always correlate with stronger transfection.
Although siRNA-loaded PBAE SP0.3/OA0.7 polyplexes showed superior internalization in
A549 cells, transfection efficiency was lower than expected and inferior to the performance
observed in H1299/eGFP cells (Figure IV.3E). This discrepancy may be attributed to the
differences in siRNA lengths used for targeting eGFP (52 nucleotides) and EGFR (42
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nucleotides) or differences in cell-type specific intracellular processing. Meanwhile, the
slower release of siRNA that we observed in SP0.3/0OA0.7 polyplexes may be another
reason (Figure IV.2D). Notably, despite lower uptake of PBAE SP0.4/TDAO0.6 polyplexes,
their knockdown efficiency (53.4%), was comparable to SP0.5/TDA0.5 (51.2%). This
observation might be explained by the efficient endosomal escape, which we investigated
utilizing the Galectin-8 (Gal8) assay!®’. In brief, Gal8 binds glycans exposed upon
endosomal membrane disruption, enabling quantification of endosomal escape using Gal8-
mRuby-expressing cells*®, The average number of Gal8-mRuby3 punctate fluorescent
spots increased from 5.43 to 16.25 per cell as the lipophilic TDA content was increased
from 40% to 60% (Figure IV.3F). This finding underscored that lipophilic components
enhanced hydrophobic interactions with membranes, leading to structural instability of the
membrane and disruption®?, As a result of this disruption, polyplexes were able to escape
the endosome, releasing siRNA into the cytoplasm to bind RISC, cleave target mRNA, and

achieve effective knockdown of protein translation.
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Figure 1V.3: In Vitro performances of siRNA-loaded polyplexes. (A) Viability of H1299 cells after treatment with
polyplexes formulated at different N/P ratios. (B) Cellular uptake of polyplexes containing Alexa Fluor 647-
labeled siRNA in H1299 cells, presented as mean fluorescence intensity. (C) EGFP knockdown efficiency of
polyplexes in H1299/eGFP cells. (D) Cellular uptake of polyplexes containing Alexa Fluor 647-labeled siRNA in
A549 cells. (Data are presented as mean = SD, n = 3; YYYp < 0.001, YY"V % < 0.0001, one-way ANOVA) (E)
EGFR knockdown efficiency of polyplexes in A549 cells. (F) Fluorescent spots of Gal8-mRuby3 in genetically
modified Hela cells after 4 h of treatment with different polyplexes. Green color represents Gal8-mRuby3, nuclei
are shown in blue. Scale bar, 25 em. Quantification of Gal8-mRuby3 dots was performed by the Fuji plug-in of
Image J, and data are presented as mean + SD.

4.5 Mucus Penetration on ALI model and Gene  Silencing in hPCLS

For pulmonary delivery, the mucus layer on the surface of the respiratory tract poses a
significant barrier to effective siRNA delivery®®*4 |f an RNA-carrier interacts excessively
with mucus, it will not be able to penetrate this barrier during the time of mucus turnover,
leading to its clearance from the lung before cellular internalization. Additionally, tight

junctions between respiratory epithelial cells further act as another barrier to paracellular
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