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® Cross-molecular machine learning enables identification of
antimicrobial polymers

@ Predicted antimicrobial polymers show favorable safety
profiles
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In brief

A cross-molecular machine learning
pipeline was developed by using
abundant antimicrobial peptide data for
training before making predictions on the
antimicrobial activity of synthetic
copolymers. The predicted copolymers
were synthesized and characterized,
demonstrating favorable safety profiles
and antimicrobial efficacy. They were
shown to work through a membrane-
disruption mechanism that helps
overcome traditional resistance
mechanisms. Further, they exhibit
efficacy against difficult-to-target biofilm-
associated bacteria.
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PROGRESS AND POTENTIAL Bacteria are becoming resistant to our existing arsenal of antibiotics at an
alarming pace, posing a serious threat to global health. For decades, natural and synthetic antimicrobial pep-
tides have been widely investigated for their broad-spectrum efficacy and propensity to overcome resis-
tance. Their development has been complicated, however, by their off-target toxicity, high cost of synthesis,
and poor pharmacokinetics. By contrast, peptide-inspired synthetic antimicrobial polymers can overcome
these pitfalls, while maintaining the favorable properties of antimicrobial peptides. Such polymers, therefore,
represent an attractive avenue for future antibiotic development.

Although machine learning pipelines have been implemented to successfully identify potent antimicrobial
peptides, their application to synthetic copolymers has been limited due to insufficient training data. In
this work, we leveraged abundant data on antimicrobial peptides to train an active learning pipeline to identify
antimicrobial polymers. The predicted polymers were synthesized and evaluated for non-toxicity, antibacte-
rial efficacy, and mechanism of activity. They demonstrated favorable safety profiles and broad-spectrum
activity. One candidate copolymer was further characterized to show its antibiofilm efficacy, suggesting
that it may be useful against hard-to-treat biofilm-associated infections. Further, this candidate copolymer
works by permeabilizing bacterial membranes, a mechanism which has been shown to reduce antibiotic sus-
ceptibility to resistance, suggesting that such polymers may help overcome traditional resistance mecha-
nisms. This work demonstrates the potential of cross-molecular machine learning by training a pipeline using
peptides to offer high-accuracy predictions on copolymers, and it contributes to the development of a more
robust antibiotic arsenal to combat the growing crisis of antimicrobial resistance.

SUMMARY

Antimicrobial resistance poses an urgent threat to global health. The development of new antimicrobials is
crucial. Synthetic copolymers are attractive as a potential tool because they can be produced at scale and
designed to mimic antimicrobial peptides and act as broad-spectrum antimicrobials capable of evading
resistance mechanisms. This work leverages a cross-molecular machine learning pipeline, trained on antimi-
crobial peptides, to develop potent antimicrobial polymers—which were then synthesized and validated
experimentally—to combat Escherichia coli. Crucially, all polymers predicted by the active learning pipeline
during exploitation sampling exhibited impressive antimicrobial activity. One candidate copolymer was
further characterized and shown to permeabilize the bacterial membrane, which is associated with
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decreased resistance. Furthermore, this copolymer demonstrated remarkable synergy in eradicating biofilm-
associated E. coli when combined with a clinical drug regimen. These results demonstrate promise for poten-
tiating antibacterial activity of currently available antibiotics, treating serious and complicated infections, and

combatting antimicrobial resistance.

INTRODUCTION

Antimicrobial resistance (AMR) is a global emergency as antimi-
crobial resistant infections contribute to 4.7 million deaths annu-
aIIy.1 In the United States alone, AMR costs $4.6 billion in direct
healthcare spending.” The toll is even heavier in sub-Saharan Af-
rica and South Asia.® The burden of AMR is expected to soar in
the coming decades, as antimicrobial resistant strains become
more prominent and existing antibiotics become increasingly
ineffective. It has been estimated that by 2050, AMR will
contribute to 8.2 million deaths annually.’

To combat this growing crisis, it is imperative to develop novel
antimicrobial agents that help mitigate or overcome the onset of
resistance. AMR arises through several mechanisms, which
most commonly involve drug target modification, drug inactiva-
tion, drug uptake inhibition, and/or enhanced drug efflux.*®
Host-defense peptides, or antimicrobial peptides, have gained
attention in recent decades as potent, naturally occurring antimi-
crobials. These peptides are typically amphiphilic and contain
cationic amino acids, which enhance interactions with the
anionic bacterial cell surface, as well as hydrophobic amino
acids, which promote interaction with and disruption of the hy-
drophobic compartment of the bacterial cell membrane, leading
to bacterial cell death.””'> Notably, this mechanism simulta-
neously enables broad-spectrum activity and limits the develop-
ment of resistance, as it neither acts on a singular protein target
nor depends on intracellular access.'>"*

Despite their promise, the clinical translation of host-defense
peptides has been limited by synthetic challenges, off-target
toxicity, susceptibility to proteolytic degradation, and poor phar-
macokinetics.'>™'” To address these challenges, researchers
have explored the development of synthetic polymers that mimic
the properties of host-defense peptides, several of which exhibit
broad-spectrum activity, enhanced safety profiles, and resis-
tance-evading properties.'®“® They present an affordable,
effective alternative to host-defense peptides.

The further development of antimicrobial polymers is of great in-
terest in combatting AMR, and the potential chemical space avail-
able to explore is nearly infinite. This opportunity also presents a
challenge as it is impossible to comprehensively, experimentally
evaluate candidates across the realm of polymers to find the
most potent candidates. Machine learning pipelines have demon-
strated great utility in evaluating vast chemical space to identify
functional molecules, including for polymer applications.?’° Re-
searchers are curating databases of antimicrobial polymers to aid
in such active learning approaches; however, the utility of these
databases is constrained by their relatively small size.>**° In
contrast, vast databases detailing the activity of host-defense
peptides are available, and these have been successfully imple-
mented to identify new, potent antimicrobial peptide candi-
dates.**° As antimicrobial polymers are inspired by host-de-
fense peptides and can be characterized by the same key
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chemical characteristics that influence peptide activity (charge
density, hydrophobicity, etc.),”’ we implemented an active
learning pipeline leveraging peptide training data to predict antimi-
crobial polymers (Figure 1). We then evaluated the polymers’ effi-
cacy against Escherichia coli and their hemolytic activity. For one
top-performing candidate, we investigated its membrane-per-
meabilizing activity, efficacy against biofilms, and synergy with a
clinically used antibiotic regimen and compared these results
with those for a previously reported antimicrobial polymer.

RESULTS

Design parameters for antimicrobial polymers

Due to the global burden of AMR, it is critical to design candidate
polymers with favorable chemical features that would enable
global distribution; that is, they must be affordable, simple to
synthesize, and chemically stable. To meet these requirements,
we chose to use statistical polyacrylamide derivatives. We used
a library of 12 candidate monomers: 2 hydrophilic, 8 hydropho-
bic, and 2 cationic (Figure 1). These monomers are either
commercially available or easily synthesized, and their controlled
polymerization is scalable. The resultant copolymers feature a
carbon backbone, which is highly chemically stable. Polymers
of this class have been previously shown to demonstrate prom-
ising antimicrobial activity.”® Although these synthetic polymers
feature distinct backbones and side groups compared with natu-
rally occurring amino acids (Figure 1), they nonetheless provide
access to a chemically diverse space that enables investigation
of variations in the cationic, hydrophobic, and hydrophilic prop-
erties of the resulting copolymers, each of which are known to in-
fluence antimicrobial efficacy and safety.*>™*° The hydrophobic
monomers span a wide range of logP values, as do hydrophobic
amino acids. Our library did not include any negatively charged
monomers, as cationic (rather than anionic) charge density is
thought to be a key contributor to antimicrobial efficacy.*” We
targeted polymers with a degree of polymerization (DP) of 70
monomers. This is significantly larger than the average antimi-
crobial peptide used for training (23 amino acids), but the poly-
mer length was important to reduce the impact of compositional
dispersity. We considered synthetic copolymers synthesized
with 2-6 distinct monomers in increments of 5 wt %. This selec-
tion creates a combinatorial space of over 1.7 million possible
synthetic polymers—far too many to screen experimentally
without computational guidance. This computational library
was screened using our cross-molecular machine learning to
predict the antimicrobial efficacy of each entry.

Cross-molecular learning from peptides to polymers

We demonstrate that graph neural networks (GNNSs) trained on
antimicrobial peptide data can accurately predict the antimicro-
bial activity of structurally distinct synthetic polymers (Figure 2),
as described in detail below. The promise of the system is
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Figure 1. Schematic indicating the implementation of an active learning pipeline to mine for potent antimicrobial polymers
The active learning pipeline was trained on peptide data and leveraged to generate predictions on a large pool of synthetically accessible polyacrylamide
candidates generated from commercially available or easily synthesized acrylamide derivatives.

underscored by the receiver operating characteristic area under
the curve (ROC-AUC) of 0.91 and the precision-recall AUC (PR-
AUC) of 0.92 when evaluated on a test set of known antimicrobial
polymers (Figure 2). This cross-molecular learning capability rep-
resents a significant advance over traditional approaches that
require extensive training data within the target material class.
By leveraging shared physicochemical properties at the monomer
level, our approach enables prediction of polymer antimicrobial
activity using peptide training data, overcoming the fundamental
limitation of insufficient polymer datasets in this domain.

Model architecture and cross-molecular

implementation

The development of a unified GNN model capable of predicting
antimicrobial efficacy across both peptides and synthetic poly-

mers required careful consideration of the molecular representa-
tion strategies. We adopted a graph-based approach where
molecules are represented as networks of interconnected
monomeric units, with nodes corresponding to individual mono-
mers and edges representing chemical bonds (peptide bonds for
peptides, carbon-carbon bonds for polymers). Each node is rep-
resented by a feature vector derived from RDKit molecular de-
scriptors, with 104 chemically relevant descriptors selected
from the original 217 available descriptors based on their rele-
vance to antimicrobial activity. This representation preserves
critical structural information, while enabling cross-molecular
learning between chemically distinct compound classes.

A fundamental challenge in this approach stems from the
inherent differences between sequence-defined peptide mate-
rials and stochastically defined synthetic polymers. While

Matter 9, 103026, December 2, 2026 3
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Figure 2. Schematic indicating the active learning workflow
(A) Model training.

Epochs

(B-D) Diversity sampling (B), uncertainty sampling (C), and exploitation sampling (D) from a set of 1.7M synthetically accessible polymers.
(E) Model performance after training, evaluated on a test set of known antimicrobial polymers.

peptides have well-defined sequences, copolymers exhibit
compositional dispersity. To address this challenge, we imple-
mented a stochastic sampling strategy that generates multiple
possible sequences for each polymer composition. Our peptide
dataset comprised antimicrobial peptide data from the
GRAMPA database® supplemented with non-antimicrobial pep-
tides from UniProt®" and was spilit into train/validation/test sets.
Each entry was characterized using its amino acid sequence
and its reported minimum inhibitory concentration (MIC). The
amino acid sequences were mapped to a representation of mo-
lecular descriptors. A separate holdout test set of 27 synthetic
copolymers, previously synthesized and characterized in our lab-
oratory,”® served as the primary evaluation benchmark for cross-
molecular transfer learning performance. Similarly, these polymer
entries consisted of stochastic monomer sequences and their
associated MIC values, where the monomer sequence was map-
ped to a representation of molecular descriptors.

We evaluated five GNN architectures: (1) graph convolutional
networks (GCNSs), (2) message-passing neural networks

4 Matter 9, 103026, December 2, 2026

(MPNN), (3) graph attention networks (GATSs), (4) GraphSAGE,
and (5) AttentiveFP. All models were implemented using the
Deep Graph Library (DGL-LifeSci) framework. For each archi-
tecture, we trained 100 models using Bayesian hyperparameter
optimization and selected the best-performing model from
each architecture for comparison (Figure 2A; Figure S1). On
the basis of this evaluation, we selected MPNN for the active
learning pipeline, which achieved the ROC-AUC of 0.91 and
PR-AUC of 0.92 on the polymer holdout set (Figure 2E). The
high precision-recall performance (PR-AUC: 0.92) is particu-
larly important for experimental efficiency, as it minimizes false
positives that would waste laboratory resources. The training
and validation loss curves demonstrated robust convergence
without overfitting, validating our model architecture and
training protocol (Figure 2E, bottom).

Active learning pipeline for polymer discovery
Leveraging this cross-molecular learning capability, we imple-
mented an active learning pipeline to systematically explore
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the polymer design space and identify promising antimicrobial
candidates. Because our initial library of antimicrobial polymers
was small and our model’s performance was validated on only a
subset of the chemical space, we expected model predictions to
provide noisy labels. Building on this assumption, we used the
trained GNN model to power an active learning loop, whereby
model predictions guided the selection of screening candidates.

Our active learning strategy comprised three distinct sampling
phases that progressed systematically from exploration to
exploitation (Figures 2B-2D): (1) diversity sampling to ensure
broad coverage of the chemical space, (2) uncertainty sampling
to train our models with samples in which it had the least confi-
dence, and (3) exploitation sampling to identify high-efficacy
candidates. This systematic progression from exploration to
exploitation ensures a comprehensive coverage of the design
space, while efficiently identifying high-value targets.

We conducted three rounds of diversity sampling, including
two initial rounds using terpolymers (a total of six polymers,
four of which were previously published,”® and the other two
are reported here) and one expanded round incorporating
4-monomer copolymers (three additional polymers). We em-
ployed a MaxMin diversity (RDKit MaxMin Sampler) sampling al-
gorithm that maximizes the minimum pairwise distance between
selected polymers in the chemical feature space (Figure 2B).

We conducted the two rounds of uncertainty sampling (ten
polymers each), using an ensemble-based approach that iden-
tifies regions where multiple trained models disagree in their pre-
dictions (Figure 2C). We trained multiple independent neural
network models and measured the disagreement between their
predictions using Kullback-Leibler (KL) divergence from the
ensemble mean. Polymers with high inter-model disagreement
were prioritized for experimental validation, as these represent
regions where the models are most uncertain and additional
data would be most valuable for improving the predictive perfor-
mance. This strategy successfully identified polymers in chemi-
cally ambiguous regions of the design space, enabling targeted
refinement of model decision boundaries.

We then conducted one round of exploitation sampling (ten
polymers) designed to identify high-efficacy candidates by clas-
sifying polymers with an MIC of less than 100 pg/mL (Figure 2D).
We selected candidates with the highest model confidence and
the lowest ensemble disagreement (low KL divergence).

The complete active learning pipeline synthesized and charac-
terized 39 polymers across six sampling rounds. Our final poly-
mer library included an additional 23 rationally designed and pre-
viously screened polymers—for a total of 62 polymers. Ciritically,
all sampling operations (diversity, uncertainty, and exploitation)
enabled the selection of candidates directly from this pre-
enumerated library of synthetically accessible compositions,
rather than through optimization in the continuous feature space
and subsequently mapping back to monomer formulations.

Efficacy and safety of candidate copolymers

The copolymers identified through diversity sampling, uncer-
tainty sampling, and exploitation sampling were synthesized us-
ing reversible addition-fragmentation chain-transfer (RAFT) poly-
merization from commercially available or readily synthesized
monomers (Figure 1 lists monomers and their abbreviations).

¢? CellPress

Each candidate copolymer was prepared by statistical copoly-
merization of mixtures of 2-6 monomers and named according
to those monomers and their weight percent in the feed ratio
(Table 1). The targeted molar ratios of the monomers are also
listed (Table S2). The copolymers were analyzed by NMR and
gel permeation chromatography (GPC) (Tables 1, S1, and S2;
Figures S4-S9). GPC traces for cationic polymers are known to
exhibit tailing,” causing the dispersity to appear high. Further,
the common convention of size determination through compar-
ison with standards such as poly(methyl methacrylate) (PMMA)
or polyethylene glycol (PEG) can yield deviation from the true
polymer mass for any novel copolymer.>® As such, the GPC
analysis is best interpreted qualitatively, showing that the vast
majority of synthesized copolymers exhibits a monomodal size
distribution, consistent with controlled radical polymerization.

These copolymer materials were then evaluated for their po-
tential antimicrobial efficacy through determination of the MIC
against E. coli grown in Mueller-Hinton broth (MHB) at a cell den-
sity of 5 x 10° colony-forming units (CFUs)/mL (Figure 3;
Table S3). In total, fourteen copolymers were identified with
experimentally confirmed MIC values below 100 pg/mL (range:
32-64 pg/mL, corresponding to 1.7-15.5 pM). These represent
strong antimicrobial agents. We compared this activity with
those of previously reported antimicrobial polymers available in
a published database.*> Among 107 polymers with reported ac-
tivity against E. coli and reported molecular weights, the average
MIC was 163 pg/mL or 58 pM. The top-performing candidates
reported here compare favorably to the body of previously pub-
lished antimicrobial polymers. This result demonstrates the utility
of ensemble-based approaches for both exploration and exploi-
tation in active learning pipelines.

To evaluate the potential for undesirable mammalian toxicity,
hemolysis was measured for each copolymer (Figure 3;
Table S4). Twenty-six polymers demonstrated very low hemoly-
sis, with the hemolytic concentration at which 50% of red blood
cells are lysed (HCsp) > 4,000 pg/mL. These HCsq values are
among the highest reported for antimicrobial polymers.*249:54-56
The therapeutic index was calculated as the ratio between the
HCs and the MIC against E. coli (Table S4) to quantify the rela-
tionship between the potency and safety of each polymer.
Twenty-two polymers demonstrated a therapeutic index of
greater than 10 (range: from 11.7 to >83.3), suggesting the po-
tential safety and efficacy of these candidates. The lethal con-
centration at which cell viability decreased by 50% (LCso) was
also calculated for each polymer after an 8-h incubation with
3T3 cells (Table S4). Although the LCsq values were lower than
the HC5q values, they were comparable to the LCsq of Tween
20 (polysorbate 20), a commonly used commercial excipient
that is approved for use at concentrations that are orders of
magnitude higher than its measured LCsp,”’ suggesting that
LCso may underestimate actual in vivo tolerance.

For each of the twenty-two polymers with a therapeutic index
greater than 10, their MICs were also evaluated against Staphy-
lococcus aureus ATCC 29213 and Klebsiella pneumoniae ATCC
13884, each of which were originally sourced from human clin-
ical samples (Table S3; Figure S10). Nineteen polymers showed
activity against S. aureus (MICs ranging from 16 to 96 pg/mL),
and all twenty-two showed activity against K. pneumoniae

Matter 9, 103026, December 2, 2026 5
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Table 1. Characterization of synthesized polyacrylamides

Target DP? Target M,, (kDa)? Measured M,, (kDa)? Dispersity® Conversion (%)
Diversity sampling
GeaypOlamgMosg 70 11.8 24.3 3.8 92.5
GeagoPhesMo45 70 12.6 12.3 1.9 84.3
GeasPhessMosoMepsg 70 101 ND ND 95.9
TmasoDosMo4oMeps 70 12.0 16.2 15 99.3
TmazgPhesoOlamsMeps 70 13.0 26.4 1.9 78.2
Uncertainty sampling
TmazsDogs 70 15.0 23.4 1.2 99.9
Geao0lamsgMogg 70 12.3 11.7 1.8 98.9
TmassNizsPhesg 70 11.2 20.3 1.5 99.5
TmassBam,oOcts 70 11.5 18.4 1.2 97.8
Tma47PheszOctsMoss 70 10.7 13.3 1.3 99.9
TmaysGea oPhesgOlamss 70 14.5 51.2 3.2 74.0
TmagsGeaggNizsTmbqg 70 11.0 20.2 1.6 96.8
TmagzsPhessOlamoMozg 70 121 34.1 2.3 92.5
TmaggGea 7 TmbgMos7 70 121 14.0 1.7 99.2
TmageGeaggNizgOlamasMos 70 13.0 14.3 2.2 94.5
TmageDo10 70 14.7 ND ND 56.8
TmagoPhesDos 70 13.7 16.0 1.5 89.7
TmagsGeasPhesOlams 70 14.4 15.4 2.0 84.0
TmazgNixoDosMeps 70 12.3 17.8 1.9 93.3
TmaggPhesgOlamsMo+s 70 12.8 19.2 1.8 96.9
TmayoPhesDosMosg 70 11.6 15.4 1.5 98.9
TmazoGea oOcti5sTmbs 70 14.0 141 1.7 77.9
TmagsDosBamsMosgMeps 70 12.7 17.3 1.6 97.6
TmassGeasPhe sBamzgMoos 70 10.6 15.0 15 94.3
TmazoPhesOlamoBmam,oMeps 70 13.9 25.9 1.9 80.2
Exploitation sampling
TmassPhe50ct 50lamgMeps 70 13.8 8.8 2.6 ND
TmagoPhesoOctio0lamyg 70 13.9 11.8 1.9 ND
TmassGeasPhe150ctsOlamgMo+g 70 13.6 71 1.8 97.7
TmaysGea sPhessOlam gMos 70 138.2 3.1 3.0 94.3
TmazgGea sPhessOct;oOlamygMo+o 70 17.2 8.4 2.2 941
TmagsPhessOlamyg 70 13.6 8.8 2.3 ND
TmasoPhesgOctsOlamyoMos 70 13.0 9.7 1.8 ND
TmayoGea oPhesgOctsOlam gMos 70 13.2 7.7 2.4 93.0
TmaggGeasPhe50ctsOlam4gMos 70 14.7 7.6 2.5 97.4
TmayeGea sPhessOctsOlamys 70 16.9 5.6 4.3 76.3

3Target DP and target M,, are theoretical values.

PWeight-average molecular weight (M,,) and dispersity were determined by GPC analysis, using refractive index (RI) for diversity and uncertainty sam-

ples and UV for exploitation samples.
°Percent conversion was determined by 'H NMR analysis.

(MICs ranging from 48 to 192 pg/mL). Although the polymers
were selected exclusively for their predicted activity on E. coli,
this pipeline was successful in identifying broad-spectrum anti-
microbial agents, as hypothesized.

Eleven polymers demonstrated impressive efficacies, with
E. coli MICs equal to or lower than 64 pg/mL, while also exhibit-
ing HCsq values greater than 4,000 pg/mL. These eleven poly-
mers include compositions spanning 2—-6 monomers, represent-
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ing the range used in designing the library. This finding is
interesting as it demonstrates that greater complexity is not
necessarily associated with greater performance, although the
incorporation of more monomers is associated with higher
compositional dispersity (Figure S11).

One copolymer candidate (TmazsDoss) was selected for
further evaluation due to its favorable antimicrobial efficacy
paired with its low hemolytic activity as well as relatively low
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Figure 3. Safety and efficacy of polyacrylamide derivatives

MIC (E. coli)

¢ CellP’ress

HC,,

MIC (ug/mL)

128

192

256
384
512

inactive

HC,, (ug/mL)
[ ]>4000

2000

<500

(Left) Heatmap indicating the MIC of each copolymer against E. coli. (Right) Heatmap indicating their hemolytic activity. Bold is used to highlight TmazsDo,s, a top-

performing candidate that was selected for further characterization.

expected compositional dispersity. This top-performing candi-
date was evaluated in vivo in mice through both intraperitoneal
(i.p.) and intranasal (i.n.) dosing at high (400 pg) and low
(200 pg) doses, alongside a vehicle control (n = 5 animals per
group). The animals were weighed daily, and their blood chem-
istry was analyzed 5 days after dosing (Figure S12). Animal

weights were stable following treatment, and blood chemistry
values remained within the reference ranges, aside from a slight
elevation in blood urea nitrogen for the animals receiving the
highest i.n. dose (Figure S12). These observations indicate that
our leading copolymer is well tolerated in vivo following either
systemic i.p. dosing or locoregional i.n. dosing.
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Figure 4. Mechanism of antimicrobial copolymers

Matter

(A) Membrane permeabilization assay for E. coli treated with each polymer at 2x MIC, using the fluorescent probe Sytox Green, monitored continuously by plate
reader. Baseline fluorescence was normalized to a value of 1. The samples were run in duplicate. Error bars represent one standard deviation.

(B) Optical microscopy of E. coli after treatment with each polymer at 2x MIC.

Copolymer activity against the bacterial membrane
The top-performing candidate Tma;sDo.s was compared with a
previously reported copolymer identified through rational design
(TmasgDoz1Mep1o; previously labeled L- Dos;Mep4o).%° E. coli
were incubated with the DNA-intercalating probe Sytox Green
in the presence of each antimicrobial copolymer. A rapid and
dramatic increase in Sytox Green fluorescence was observed
upon the addition of the antimicrobial copolymer (Figure 4A),
indicating that the copolymers induced damage to the inner
membrane of the bacteria. The damaged inner membrane,
which is impermeable to Sytox Green when intact, enabled the
Sytox Green'’s intracellular access and subsequent intercalation
into DNA. This result is general across both copolymers, and no
statistically significant difference between the polymers was
observed in the Sytox Green permeability (o = 0.14).
Additionally, copolymer-treated E. coli were examined by
phase-contrast light microscopy (Figure 4B). Ruffling was
observed on the surface of the bacterial cells after treatment
with each polymer relative to untreated E. coli. Together, these re-
sults demonstrate that these antimicrobial copolymers disrupt the
surface of the bacteria and compromise the cell membranes.

Antimicrobial copolymers eradicate biofilm-associated
bacteria and potentiate clinically used antibiotics

Biofilm infections are notoriously difficult to eradicate with many
clinically available antibiotics. This is, in part, because bacteria in
a biofilm are protected by an extracellular polymeric matrix, and
they can be less metabolically active and, therefore, less sus-
ceptible to antibiotics that target cell growth.® As such, biofilms
can cause persistent or chronic infections, with limited treatment
options.59 New antimicrobials capable of combating biofilms,
are therefore, highly desirable.

To test the efficacy of our leading copolymers against biofilms,
we determined their minimum biofilm eradication concentration
(MBEC) against E. coli grown in M63 medium with glucose. For
each copolymer, the MBEC was 512 pg/mL (Table 2; Figure 5;
Figure S18), which falls far below the HC5, (above 4,000 pg/mL
for each). By contrast, an antibiotic regimen commonly used
as a first-line treatment for urinary tract infections—trimetho-
prim-sulfamethoxazole®® (abbreviated as TMP-SMX)—demon-
strated an MBEC of 256 pg/mL (Table 2; Figures 5 and S13),
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which may approach the limit of its therapeutic window, as its
LDs, for injection in mice is 700 mg/kg.®"

The copolymers were then explored as adjuvants to investigate
their potential to synergize with TMP-SMX. Each copolymer ex-
hibited remarkable synergy in combination with TMP-SMX
(Table 2; Figures 5 and S13). For the combination of Tma;sDo,s
and TMP-SMX, the polymer MBEC was 64 pg/mL (corresponding
to 1/8™ of its MBEC value alone), and the TMP-SMX MBEC was
0.125 pg/mL (corresponding to 1/2,048™ of its MBEC value alone).
For the combination of TmasgDo31Mep+o and TMP-SMX, the poly-
mer MBEC was 64 ug/mL (corresponding to 1/8™ of its MBEC
value alone), and the TMP-SMX MBEC was 0.25 pg/mL (corre-
sponding to 1/1,024" of its MBEC value alone). The fractional
inhibitory concentration indices (FICIs) were 0.1255 and 0.1260
for the combinations with Tma;sDoos and TmasgDosiMep1q,
respectively, indicating exceptionally strong synergy. This
remarkable finding demonstrates the ability of the copolymers
to dramatically improve the efficacy of a first-line antibiotic treat-
ment, bringing it back to its therapeutically relevant dosing. The
copolymers show potential to expand the scope of existing antibi-
otics in clinical applications.

DISCUSSION

New antimicrobial agents are urgently needed to address
the growing crisis of AMR. Toward that goal, this work intro-
duces a cross-molecular active learning pipeline to identify

Table 2. Efficacy of copolymers and TMP-SMX against biofilm-
associated bacteria, alone and in combination

TMP-
Treatment SMX TmazsDoss  TmasgDosziMepio
MBEC alone, 256 512 (21.9) 512 (42.2)
pg/mL (M) (984.9)
MBEC for TMP-SMX- 0.125 64 (2.7) N/A
TmazsDos5 combo, (0.5)
pg/mL (uM)
MBEC for TMP-SMX- 0.25 N/A 64 (5.3)
TmasgDoz1Mep4o (1.0)

combo, pg/mL (uM)
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Figure 5. Anti-biofilm efficacy of copolymers

(A) Schematic for the anti-biofilm and antibiotic-potentiating activity of copolymers.
(B) Comparison of MBEC for TMP-SMX antibiotic treatment alone and in combination with each polymer.

polyacrylamide-based copolymers with antimicrobial activity
against E. coli. We implemented GNNs trained on antimicrobial
peptides to predict the properties of copolymer compositions,
demonstrating the potential for cross-molecular training. We
screened the predicted copolymers to identify compositions
that are both effective and non-toxic, demonstrating that all
copolymer compositions predicted by the active learning pro-
cess during exploitation sampling exhibited efficacious antimi-
crobial activity. This result confirms that the machine learning
pipeline can make predictions on simplified (i.e., monodisperse)
model polymers, which can be applied to real-world polymers
with outstanding accuracy, thereby supporting the strength of
leveraging such models. We selected one top candidate,
TmazsDoss, for further investigation, alongside a previously re-
ported polymer, TmasgDosz1Mep4o. Fluorescence nucleic acid
staining and microscopy imaging demonstrated that these co-
polymers damage the bacterial cell surface and permeabilize
the inner membrane. Furthermore, our results revealed tremen-
dous synergy and potentiation of a first-line antibiotic regimen,
TMP-SMX, in combination with each copolymer. Remarkably,
each combination tested reduced the TMP-SMX concentration
needed to eradicate bacteria in biofilms by three orders of
magnitude, positioning it in the highly therapeutically attractive
sub-micromolar range.

In summary, this work leverages cross-molecular machine
learning to identify antimicrobial polyacrylamide derivatives that
are more potent than those previously reported, without sacrificing
hemolytic non-toxicity. As hypothesized, the newly characterized
polymer attacks bacteria via a mechanism similar to a previously
reported polymer as well as antimicrobial peptides, enabling
broad-spectrum efficacy. This similar mechanism demonstrates
the utility of cross-molecular machine learning, through which a

distinct class of molecules (peptides) can be used to predict the
properties of another class of molecule (polyacrylamide deriva-
tives) due to their shared chemical properties (i.e., charge density,
hydrophobicity, etc.) and mechanism of action. The improved po-
tency demonstrates that the computational screen was successful
in identifying candidates that match or exceed those that have
been previously reported, enabling a systematic evaluation of a
much larger library than could be experimentally probed.

Future directions can expand on this promising strategy and
should focus on incorporating multi-objective optimization into
the machine learning pipeline to allow for simultaneous optimiza-
tion on multiple goals, such as potency against multiple strains of
bacteria and favorable safety profiles. In addition, while the copol-
ymer design space described here is combinatorially large at 1.7
million compositions, it is constrained to 12 monomers, represent-
ing a narrow scope of possible copolymer chemistries. There is
enormous potential to expand the chemistry and activities of the
materials screened. The incorporation of diverse backbone archi-
tectures, alternative polymerization mechanisms, and broader
monomer libraries will be essential for developing the most power-
ful, truly generalizable predictive models. Future work will also
benefit from the implementation of sophisticated methods for
modeling molecular weight dispersity®” and compositional disper-
sity®® to enable more rigorous modeling of in silico polymerizations
in a machine learning pipeline. Additional work should further
explore the efficacy of the reported copolymer candidates against
more bacterial species, both in vitro and in vivo. This work has
demonstrated that these copolymers are effective antimicrobials,
with low hemolysis and the potential to rescue existing antibiotics
to combat dangerous biofilm-associated infections. Further ef-
forts toward their translation could significantly broaden our
arsenal of effective agents to combat AMR.
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METHODS

Materials

The following solvents and reagents were used as received:
N,N-dimethylformamide (DMF; Sigma-Aldrich), hexane (Sigma-
Aldrich), acetone (Aldon Corporation), diethyl ether (Fisher Scienti-
fic), ethyl acetate (EtOAc; Sigma-Aldrich), dichloromethane (DCM;
Sigma-Aldrich), methanol (MeOH; Sigma-Aldrich), deuterium ox-
ide (D2O; Sigma-Aldrich), chloroform-d (CDCl3; Sigma-Aldrich),
dimethyl sulfoxide-d6 (DMSO-d6; Sigma-Aldrich), acryloyl chlo-
ride (Sigma-Aldrich), triethylamine (TEA; Sigma-Aldrich), N-octyl-
amine (TCI Chemicals), oleylamine (Sigma-Aldrich), 1,3-bis(tert-
butoxycarbonyl)-2-methyl-2-thiopseudourea (Sigma-Aldrich),
ethylenediamine (Sigma-Aldrich), and trifluoroacetic acid
(TFA; Sigma-Aldrich or TCI Chemicals).

Similarly, the monomers N-phenylacrylamide (Phe; Sigma-
Aldrich), N-dodecylacrylamide (Do; TCI Chemicals), N-butylacry-
lamide (Bam; TCI Chemicals), N-(butoxymethyl)acrylamide
(Bmam; TCI Chemicals), and N-(1,1,3,3-tetramethylbutyl)acryla-
mide (Tmb; TCI Chemicals) were used as received. N-Isopropyla-
crylamide (Ni) was recrystallized from the solvent hexane.
4-Acryloylmorpholine (Mo; Sigma-Aldrich) and N-(3-methoxypro-
pylacrylamide (Mep; Sigma-Aldrich) were filtered through basic
alumina before use. (3-Acrylamidopropyljtrimethylammonium
chloride (Tma; 75 wt % in H,0, Sigma-Aldrich) was washed thrice
with an equal volume of EtOAc and placed under vacuum for 2 min
to remove residual EtOAc.

Azobisisobutyronitrile (AIBN; Sigma-Aldrich) was recrystal-
lized from MeOH and dried under vacuum before use. 4-((((2-
Carboxyethyl)thio)carbonothioyl)thio)-4-cyanopentanoic acid
(CTA; Sigma-Aldrich) was used as received.

Bacterial strains were purchased from Microbiologics. MHB
(BD Difco), tryptic soy media (Sigma-Aldrich), and agar (Sigma-
Aldrich) were autoclaved before use.

Fluorescence images were acquired using a Nikon Ti2-E in-
verted microscope equipped with a Photometrics Prime BSI
back-illuminated sCMOS camera (2,048 x 2,048 pixels, 6.5 pm
pixel size), a 100x Plan Apo 1.45NA Ph3 oil objective (with
type N immersion oil by Nikon), a Lumencore Spectra Ill LED
(light-emitting diode) engine, a perfect focus system (PFS), tem-
perature-controlled Okolab enclosure, and a polychroic mirror
(FF-409/493/596-Di02 for by Shemrock) combined with a tri-
ple-pass emitter (FF-1-432/523/702-25 by Shemrock).

Dataset preparation and molecular representation
Antimicrobial peptide dataset

Our training dataset comprised antimicrobial peptide sequences
from the GRAMPA database, which aggregates 51,345 peptides
from multiple databases (APD, DADP, DBAASP, DRAMP, and
YADAMP).*° We retained only peptides reported to have the
MICs against E. coli, excluded sequences with unusual modifi-
cations, and collapsed duplicate entries by taking the geometric
mean of their MIC values. This yielded 5,154 unique positive
AMPs, with lengths ranging from 2 to 190 amino acids (mean
22.6 + 12.6 aa) and MIC values spanning 0.023-3,200 pM
(mean 60.2 + 213.3 uM). It should be noted that this database
is imperfect in its aggregation, as it fails to account for inequal-
ities. For instance, if a peptide was recorded in another database
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as having an MIC >125 pM (i.e., no activity observed), GRAMPA
indicates it as having an MIC = 125 uM. Although the database
lacks precision on individual peptides, machine learning algo-
rithms are generally tolerant to errors in individual points of a
large library. Non-antimicrobial peptides were obtained from
UniProt,®" selecting reviewed (Swiss-Prot) entries tagged as
generic peptides with lengths between 1 and 40 amino acids,
while excluding those annotated with “antimicrobial” keyword.
After removing duplicates and non-canonical residues, we ob-
tained 5,917 negative samples (mean length: 24.9 + 10.8 aa)
and assigned placeholder MIC values of 9,999 pM. The final pep-
tide corpus contained 11,003 distinct sequences for model
training and validation. The dataset was partitioned into training
(70%), validation (15%), and test (15%) splits, using stratified
sampling, to maintain class balance across the splits.
Synthetic polymer dataset

A holdout test set of 27 synthetic copolymers, previously synthe-
sized and characterized in our laboratory, served as the primary
evaluation benchmark for cross-molecular transfer learning per-
formance. These polymers represent a subset of our composi-
tional library containing 12 monomers representing diverse
chemical functionalities: 2 hydrophilic, 8 hydrophobic, and 2
cationic monomers and spanning compositions from 2 to 6
monomers. The 27 synthesized polymers had experimentally
determined antimicrobial activities against E. coli.

Graph representation

Both peptides and polymers were represented as molecular
graphs where nodes correspond to monomeric units (amino
acids for peptides, and chemical monomers for polymers) and
edges represent covalent bonds. Node features were derived
from RDKit molecular descriptors computed using rdkit.Chem.-
Descriptors, generating 217 descriptors per SMILES string.
From these, we selected 104 descriptors deemed chemically
relevant to the antimicrobial activity by excluding descriptors
that primarily scale with chain length (SIZE), are redundant with
retained descriptors (REDUN), represent simple atom counts
with little variance (COUNT_dup), encode max/min versions of
properties already captured by richer descriptors (EXTREMA),
or count functional groups rarely present in peptides and antimi-
crobial polymers (FRAG_rare). Edge features encoded bond
types and connectivity patterns, with 79 edge features retained
after removing zero-variance descriptors across the combined
peptide and polymer datasets.

Polymer sequence generation

To address the inherent polydispersity of synthetic copolymers,
we implemented a stochastic sampling strategy that generates
multiple possible sequences for each polymer composition.
Each polymer is defined by its monomeric composition (mono-
mer identities and molar ratios) and target DP. To ensure
compatibility with the sequence-based format of peptide data,
random sequences were sampled from each polymer distribu-
tion, constraining the sample means to match the corresponding
theoretical composition, where each simulated copolymer ex-
hibited the target DP. Our approach of randomized sampling
from a computational monomer pool is comparable to previously
published work describing Monte Carlo simulations to predict
polymer sequences.®* This approach captures the intrinsic vari-
ability of linear polymer synthesis. During training, we sampled
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Scheme 1. Synthesis of N-octylacrylamide

50 sequences per polymer composition. For evaluation on our
test set, we generated 200 sequences per polymer and deter-
mined final predictions through majority voting across all realiza-
tions. For evaluation of our computational library of 1.7M poten-
tial polymers, we used one random sequence per polymer.

GNN architecture and training

Model architecture

We evaluated five GNN architectures: GCN, MPNN, GATSs,
GraphSAGE, and AttentiveFP. GCN applies convolution directly
over node features, treating each neighbor equally, while MPNN
updates nodes by aggregating messages from neighboring nodes
and their connecting edge features. GAT introduces self-attention
to learn which neighbors deserve more weight, and AttentiveFP
combines local message propagation with a global attention
mechanism to capture both short- and long-range interactions.
Notably, GCN and GAT use only the node features, whereas
MPNN and AttentiveFP also incorporate edge information. All
models were implemented using the DGL-LifeSci framework
with consistent hyperparameter optimization protocols.
Hyperparameter optimization

For each architecture, we trained 100 models using Bayesian hy-
perparameter optimization with tree-structured Parzen estimator
(TPE) sampling. Optimization targeted validation set perfor-
mance over 50 iterations, with early stopping based on validation
loss plateauing.

Model selection

The best-performing model from each architecture was selected
based on the validation set ROC-AUC (Figure S1). MPNN was
chosen for the active learning pipeline based on superior
cross-molecular transfer performance (ROC-AUC: 0.91 and
PR-AUC: 0.92 on the polymer holdout set).

Active learning pipeline

Design space definition

The polymer design space encompassed copolymer combina-
tions synthesized from 12 candidate monomers (structures are
shown in Figure 1). Each copolymer in the design space con-
tained 2-6 monomers at 5 wt % compositional intervals. Some
rational design was employed in further defining the design
space; each polymer was at least 10 wt % cationic and 10
wt % hydrophobic. For the uncertainty and exploitation sam-
pling, the total concentration of di-Boc-guanidinium ethyl acryl-
amide (Gea) was limited to minimize unintended crosslinking,
and Gea and Bmam were not copolymerized due to the chemical
incompatibility of Bmam with the Gea deprotection reaction. In
total, over 1.7 million unique compositions were utilized.
Diversity sampling

We employed MaxMin diversity sampling to ensure broad
coverage of the chemical space. The algorithm maximizes the
minimum pairwise distance between selected polymers in the
molecular descriptor space derived from RDKit molecular finger-
prints. Distance calculations used Tanimoto similarity coeffi-

CH,Cl,, 4°C, 100 min
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cients, with selection prioritizing compositions that maximize
the minimum distance to previously selected samples.
Query-by-committee uncertainty sampling

We implemented a query-by-committee (QBC) approach using
ensemble disagreement to quantify prediction uncertainty.
Three independent MPNN models were trained with different
random initializations and hyperparameter configurations to
create a diverse ensemble.

For each polymer composition, model disagreement was
quantified using KL divergence between individual model pre-
dictions and the ensemble mean. The ensemble mean positive
and negative probabilities were calculated across all models,
with a tolerance factor of 1 x 1078 applied to prevent numerical
instabilities from log(0) calculations.

The KL divergence for each model’s prediction p relative to the
ensemble mean was computed as:

KL(plla)= p-log,(p/g-pos) + (1 — p)-log,((1 — p) /d-neg),

where g_pos and g_neg represent the ensemble mean positive
and negative probabilities, respectively. The final uncertainty
score was the mean KL divergence across all ensemble models.
To focus on genuinely uncertain predictions while avoiding
statistical outliers, we applied quartile-based filtering. Polymers
were ranked by the KL divergence scores, and only those from
the fourth quartile (Q4) were considered for selection. Outliers
were removed using the 1.5 times the interquartile range (1.5 x
IQR) method, excluding samples beyond Q3 + 1.5 x IQR.
From this filtered set of high-uncertainty candidates, diversity
sampling was applied using molecular descriptors to ensure
broad chemical space coverage within the uncertain region.
Exploitation sampling
For exploitation sampling, we employed the same ensemble
approach but focused on extracting the probability of polymers
belonging to the lowest MIC bin (<100 pg/mL) from multi-class
predictions. We selected polymers with high predicted probabil-
ity for the lowest MIC class (>0.8) and low KL divergence scores
(<0.1), indicating strong ensemble consensus for high-efficacy
predictions.

Synthesis of N-octylacrylamide

N-octylacrylamide (Oct) was prepared by an adaptation of previ-
ously described methods (Scheme 1).25%° Briefly, N-octylamine
(992 pL, 6 mmol) and TEA (920 pL, 6.6 mmol) were dissolved in
anhydrous DCM (60 mL) and cooled in an ice bath. The mixture
was placed under a nitrogen atmosphere and stirred as acryloyl
chloride (536 pL, 6.6 mmol) was added dropwise over 1 h. The
mixture was stirred for an additional 40 min. It was then washed
with saturated ammonium chloride (100 mL), followed by
washing with saturated sodium bicarbonate (100 mL) and brine
(100 mL). The product was dried over anhydrous magnesium sul-
fate, and the solvent was removed using a rotary evaporator. The
product (Oct) was isolated as a waxy white solid with 97% vyield.
NMR spectra were recorded on a Bruker Avance Neo 500 MHz

Matter 9, 103026, December 2, 2026 11




https://doi.org/10.1016/j.matt.2026.103026

Please cite this article in press as: Williams et al., Cross-molecular active learning for the discovery of antimicrobial polyacrylamides, Matter (2026),

¢? CellPress

AN S NH TEA

o
sAg

Scheme 2. Synthesis of oleylacrylamide

NMR spectrometer by collecting 32 scans with a 2 s relaxation
delay.

Synthesis of oleylacrylamide

Oleylacrylamide (Olam) was prepared using previously re-
ported methods (Scheme 2).%° Briefly, oleylamine (1.974 mL,
6 mmol) and TEA (920 pL, 6.6 mmol) were dissolved in anhy-
drous DCM (60 mL) and cooled in an ice bath. The mixture
was placed under a nitrogen atmosphere and stirred as acryloyl
chloride (536 pL, 6.6 mmol) was added dropwise over 1 h. The
mixture was stirred for an additional 40 min. It was then washed
with saturated ammonium chloride (100 mL), followed by
washing with saturated sodium bicarbonate (100 mL) and brine
(100 mL). The product was dried over anhydrous magnesium
sulfate, and the solvent was removed by rotary evaporator.
The product (Olam) was isolated as a pale yellow oil with 87%
yield. NMR spectra were recorded on a Bruker Avance Neo
500 MHz spectrometer by collecting 32 scans with a 2 s relax-
ation delay.

Synthesis of Gea
Di-Boc-guanidinium ethyl acrylamide (Gea) was prepared by an
adaptation of previously reported methods (Scheme 3).¢ Briefly,
1,3-bis(tert-butoxycarbonyl)-2-methyl-2-thiopseudourea (7.260
g, 25 mmol, 1 eq.) in DCM (50 mL) was added dropwise over
45 min to a solution of ethylenediamine (5.0 mL, 75 mmol, 3
eq.) in DCM (50 mL) in an oven-dried 250 mL round-bottom flask,
with stirring at 500 rpm. Following complete addition, the reac-
tion was left to stir at room temperature (RT) for 4 h. The solution
was washed with H,O (2 x 50 mL) and brine (1 x 50 mL), the
organic layer was dried over Na,SQO,4, and the DCM was removed
under vacuum to yield crude 2-[1,3-bis(tert-butoxycarbonyl)gua-
nidine]ethylamine as a white solid (7.07 g, 93% vyield). This inter-
mediate was characterized using 'H NMR (Figure S2).
2-[1,3-Bis(tert-butoxycarbonyl)guanidine]ethylamine (1.5 g,
4.96 mmol, 1 eq.) was transferred to an oven-dried 100 mL
round-bottom flask (RBF) equipped with a stir bar. TEA
(761 pL, 5.46 mmol, 1.1 eq.) was added, and the solution was
cooled in an ice bath for 15 min while stirring. The reaction
mixture was equipped with an N, balloon. Acryloyl chloride
(403 pL, 4.96 mmol, 1 eq.) was diluted in 1 mL DCM, and this so-
lution was added dropwise by syringe. The balloon was
removed. The reaction was covered with aluminum foil and al-
lowed to stir and warm slowly to RT overnight with stirring at
400 rpm. The mixture was washed with saturated NaHCOs.
The aqueous layer was extracted with 50 mL DCM. The organic
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layers were combined and dried over Na,SO,, and the solvent
was removed under vacuum, yielding Gea as an off-white solid
(1.29 g, 73% yield). The product was characterized using 'H
NMR (Figure S3).

Polymerization conditions

Statistical copolymerizations were carried out by RAFT polymer-
ization. For each polymer, [CTA}/[monomers] = 70. [AIBNJ/[CTA]
was 0.2 or 0.5 for each entry. Generally, [AIBN]/[CTA] = 0.5 for
entries containing Morph, and [AIBN]/[CTA] = 0.2 for other copol-
ymers. The monomers (total mass of 0.5 g), CTA, and initiator
were dissolved in a mixture of DMF and water to a final volume
of 4 mL in a 20 mL scintillation vial equipped with a polytetra-
fluoroethylene/silicone septum. The mixture was sparged with
nitrogen for 10 min and heated at 65°C overnight with stirring.
The mixture was cooled to RT and exposed to air.

Polymers containing Gea were deprotected to remove the Boc
groups by mixing the crude polymerization mixture with TFA
(750 pL). The mixture was equipped with a vent needle and al-
lowed to stir at 300 rpm at RT for 1-2 h.

Polymers were precipitated two to three times in acetone or in
a combination of ether and hexane. The precipitated polymers
were flash-frozen and dried by lyophilization.

Polymer characterization

NMR spectra were recorded on a Bruker Avance Neo 500 MHz
spectrometer by collecting 128 scans with a 5 s relaxation delay.
M,, and dispersity values were determined via GPC after passing
the samples through a size exclusion column (Resolve Mixed
Bed Low divinylbenzene [DVB] [Jordi Labs]) in a mobile phase
of DMF with 1 wt % NaBF, at 50°C and a flow rate of
1.0 mL/min (Thermo Fisher Scientific Dionex UltiMate 3000
pump, degasser, and auto-sampler). PEG standards were imple-
mented for each polymer, except for Gea;oOlamzyMogo and
Tma 5GeasgNisDoosTmbgMepss, for which a PMMA standard
was applied to account for their relatively low cationic density
and smaller radius of gyration in the ionic solvent.

To computationally probe the compositional dispersity of top
candidate polymers, a previously described program, Composi-
tional Drift, was utilized.®® Briefly, this program predicted
composition for a sample of 1,500 simulated polymer chains
from a pool of 200,000 monomers, using the Mayo-Lewis model
of monomer addition. Reactivity ratios of each monomer were
set to 1. Although the actual reactivity ratios may deviate from
1, variation would impact the polymer sequence (i.e., forming a
gradient rather than a random copolymer) rather than the overall

Scheme 3. Synthesis of di-Boc-guanidi-

Boc y Boc ~ A 1% H B9 njum ethyl acrylamide
' bem SIRN§ N.__NH
N /SYNH M o HZN/\/NYNH O SN
2 ' RT,4h N 4°C 1o RT, 16 h H N
Boc” Boc” Boc
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compositional dispersity of the polymer, particularly for high
conversion polymers. Here, we used the program to predict
overall compositional dispersity (comparing one polymer chain
with another), rather than sequence (comparing the initiation
end with the termination end within a single polymer chain); so,
the precise reactivity ratios are less critical. The predicted set
of polymers was analyzed to determine the coefficient of vari-
ance in the molar ratio of each monomer.

MIC assay

The MIC of each polymer was determined using the broth micro-
dilution method, adapted from the Clinical and Laboratory Stan-
dards Institute (CLSI) guidelines.®” Briefly, E. coli ATCC 25922,
S. aureus ATCC 29218, and K. pneumoniae ATCC 13884 were
each cultured in MHB overnight at 37°C with shaking at
200 rpm. Overnight cultures were diluted based on optical den-
sity at 600 nm (ODgqg) measurements and corresponding CFUs/
mL for each strain, which yielded cell densities of approximately
1 x 10® CFUs/mL. A 2-fold dilution series of 50 pL of each poly-
mer solution at desired concentrations as indicated in MHB was
prepared from concentrated 20.48 mg/mL stocks of each poly-
mer in a 96-well, U-bottom polypropylene plate. Subsequently,
50 pL of each density-normalized bacterial culture was added
to each well to achieve a final concentration of ~5 x 10°
CFUs/mL. All MIC determinations were performed in duplicate.
Each plate contained nutrient medium-only controls and growth
controls (without polymer). Assay plates were incubated stati-
cally at 37°C for 18-24 h. After incubation, each well was mixed
by pipetting to resuspend bacteria, and 75 pL from each well was
transferred to a clear, flat-bottom 96-well polystyrene plate. Cell
growth was quantified by ODgg values measured on a BioTek
Synergy H1 microplate reader. The MIC was defined as the
lowest concentration of polymer before ODgq increased by at
least 0.1 units.

Hemolysis assay

Red blood cells (RBCs) were collected by centrifugation of whole
blood at 500 x g for 5 min. The plasma was removed, and the
RBCs were washed twice with 150 mM sodium chloride and
once with PBS. They were pelleted again and resuspended in
PBS. The sample was diluted 1:50 in PBS. To each well of a
96-well plate was added 180 pL of diluted RBCs and 20 pL of
antimicrobial agent stock solution at 10x the desired concentra-
tion. The samples were run in duplicate. Triton X-100 at a final
concentration of 1% was used as a positive control, and water
was used as a negative control. The plate was incubated stati-
cally at 37°C for 1 h. Intact RBCs were pelleted by centrifugation
at 1,000 x g for 5 min, using a Thermo Scientific Sorvall Legend
XTR centrifuge. 100 pL of the supernatant was transferred from
each well to a clear, flat-bottom 96-well plate, and the absor-
bance was measured at 540 nm. The percentage of hemolysis
was calculated as follows:

Hemolysis (%) = [(AbSsso nm Of the treated sample
— Absss0 nm Of the negative control)

/ (AbS4so nm Of positive control

— Abss0 nm Of negative control)] x 100%.

¢? CellPress

The HCso was determined through interpolation after fitting
the percentage of hemolysis to a five-parameter asymmetric
sigmoidal function using GraphPad Prism software.

Fluorescence-based membrane integrity assay

The integrity of the cell membranes of E. coli in the presence of
antimicrobial agents was evaluated through an adaptation of
previously reported methods.®®%° Briefly, a stationary phase cul-
ture of E. coli ATCC 25922 was diluted 1:25 in MHB and grown at
37°C with shaking at 200 rpm until achieving the ODggo ~ 0.6.
The bacteria were subsequently pelleted by centrifugation at
10,000 xg for 5 min at room temperature, using a Thermo Scien-
tific Sorvall Legend Micro 21R centrifuge. They were washed
once with HEPES/glucose buffer (56 mM HEPES and 5 mM
glucose). They were pelleted again and resuspended to a final
optical density of 0.1 in HEPES/glucose buffer. The cells were ali-
quoted into a black-walled 96-well plate, and the fluorescent
probe Sytox Green was added to a final concentration of 1 pM.
The fluorescence was measured in a microplate for 5 min (exci-
tation 505 nm; emission 523 nm). The plate was removed, and
the antimicrobial agents were added at the desired concentra-
tions. The fluorescence was measured for 1 h at room tempera-
ture. Statistical analysis comparing the fluorescence curve for
each polymer was conducted with GraphPad Prism software us-
ing a two-way ANOVA.

Light microscopy

Phase-contrast light microscopy was performed as previously
reported,® using the E. coli strain ATCC 25922. Briefly, the cells
were grown to stationary phase in MHB medium at 37°C. To
obtain exponentially growing cells, the culture was then diluted
by at least 10,000-fold in fresh MHB and grown at 37°C until it
reached an ODggq of 0.2-0.4.

Polymer solutions were prepared by diluting a 20 mg/mL stock
solution in fresh MHB and mixed 1:1 with the cell solution by pi-
petting, yielding a final polymer concentration of 2 x MIC and
ODggo = 0.1. As a control, the same step was performed with
fresh MHB instead of the polymer solution. The samples were
incubated for 30 min at 37°C in a thermomixer (500 rpm), and
0.5 pL was spotted onto a 1% (w/v) agarose pad. This pad
was prepared by adding agarose powder in fresh MHB. The sus-
pension was then gently warmed to dissolve agarose. Exposure
time for phase-contrast images was 200 ms with 100% dia-
scopic light intensity, and images were acquired at RT.

MBEC assay

E. coli ATCC 25922 biofilms were formed by overnight static incu-
bation at 37°C of 100 pL of inoculum (1 x 107 CFUs/mL in
M63 minimal media with 0.8% w/v glucose) in the inner wells of
a sterile polyvinyl chloride (PVC) plate. To limit evaporation and
ensure biofilm formation consistency, 150 pL of PBS was added
to the outer wells of each plate. After 24 h of incubation, the
nutrient medium was carefully removed from the inner wells by us-
ing a pipette, and the wells were rinsed three times with 120 pL of
sterile PBS to remove planktonic cells. After washing, 150 pL
treatment medium containing 2-fold serial dilutions of the antimi-
crobial compound in M63 + 0.8% glucose was added to the plate.
The treatment medium was prepared by spiking M63 + 0.8%
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glucose with a concentrated stock solution of respective agents
prepared as follows: Tma;sDoss was prepared at 10.24 mg/mL
in water, TmasgDoz1Mep4g at 10.24 mg/mL in 50:50 water/
DMSO, and TMP-SMX in a 1:5 ratio at 30 mg/mL in DMSO.
Each plate was incubated statically for an additional 24 h at
37°C. The treatment medium was then removed, and the wells
were rinsed three times with 160 pL PBS. Fresh recovery medium
(150 pL M63 with 0.8% glucose) was added, and the plate was
incubated statically for an additional 24 h at 37°C. Then, 15 pL
of 0.02% resazurin solution was added to each well and incubated
for 30 min. The MBEC value was defined as the lowest treatment
concentration where no bacterial growth occurred, as determined
visually according to the color change of the resazurin dye.

Cytotoxicity assay

NIH3T3 cells were purchased from Sigma-Aldrich and cultured
in Dulbecco’s modified Eagle’s medium (DMEM) supplemented
with 10% fetal bovine serum (FBS) and 1% penicillin-strepto-
mycin (Pen-Strep). The cells were maintained at 37°C with 5%
CO, and handled under sterile conditions. A CCK-8 colorimetric
kit was used to quantify the viability of cells following exposure to
antimicrobial polymers. The cells were plated at a concentration
of 10,000 cells per well in a clear, flat-bottom, 96-well plate and
allowed to adhere for 24 h. Stock solutions of each tested com-
pound were prepared in media and added to the cells to achieve
a total volume of 100 pL per well. After 5 h of incubation, 10 pL of
CCK-8 solution was added to each well. After 3 h, the absor-
bance was read at 450 nm, and background was read at
650 nm. The baseline-corrected absorbance (Absssonm—_650nm)
was calculated by subtracting the background absorbance at
650 nm from the absorbance at 450 nm. The percent viability
was determined as follows:

Viability (%) = [(AbS4sonm — ssonm Of sample
— AbS450nm - es0nm Of media)
/ (AbS 450nm — s50nm OF untreated control
— AbS450nm - es0nm Of media) | x 100%.

LCso values were determined through interpolation after fitting
the data to a four-parameter agonist vs. response function using
GraphPad Prism.

In vivo toxicity assay

C57BL/6 mice (10 weeks old, female) were injected intraperito-
neally or dosed intranasally with 400, 100, or 0 pg TmazsDoss
in 100 pL sterile PBS (i.p.) or 20 puL PBS (i.n.) (n = 5). The mice
were weighed daily, and cardiac punctures were performed
5 days after injection to obtain blood for chemistry analysis,
which was performed by the Stanford Animal Diagnostic Lab.

RESOURCE AVAILABILITY

Lead contact

Requests for further information, resources, and materials should be directed
to and will be fulfilled by the lead contact, Eric A. Appel (eappel@stanford.edu).
Materials availability

All unique, stable reagents generated in this study are available from the lead
contact, with a completed material(s) transfer agreement.

14 Matter 9, 103026, December 2, 2026

Matter

Data and code availability

Data generated to evaluate the conclusions of this article are provided within
the article and supplemental information. Raw data will be made available
from the lead contact upon request. Original code is available at https://
github.com/GabrielGreenstein01/polymer_gnn.
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