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Antimicrobial peptides (AMPs) are promising compounds for the treatment and prevention of multidrug-
resistant infections because of their ability to directly disrupt microbial membranes, a mechanism that is
less likely to lead to resistance compared to antibiotics. Unfortunately, natural AMPs are prone to
proteolytic cleavage in vivo and have relatively low selectivity for microbial versus human cells,
motivating the development of synthetic peptidomimetics of AMPs with improved peptide stability,
activity, and selectivity. However, a lack of understanding of structure—activity relationships for
peptidomimetics constrains development to rational design or experimental predictors, both of which
are cost and time prohibitive, especially when the design space of possible sequences scales
exponentially with the number of amino acids. To address these challenges, we developed an iterative
Gaussian process regression (GPR) approach to explore a large design space of 336 000 synthetic o/B-
peptide analogues of a natural AMP, aurein 1.2, based on an initial training set of 147 sequences and their
biological activities against microbial pathogens and selectivity for microbes vs. mammalian cells. We
show that the quantification of prediction uncertainty provided by GPR can guide the exploration of this
design space via iterative experimental measurements to efficiently discover novel sequences with up to
a 52-fold increase in antifungal selectivity compared to aurein 1.2. The highest selectivity peptide

discovered using this approach features an unconventional substitution of cationic amino acids in the
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Accepted 19th February 2025 hydrophobic face and would be unlikely to be explored by conventional rational design. Overall, this

work demonstrates a generalizable approach that integrates computation and experiment to accurately
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predict the selectivity of AMPs containing synthetic amino acids, which we employed to discover new o/

rsc.li/chemical-science B-peptides that hold promise as selective antifungal agents to combat the antimicrobial resistance crisis.

molecular target.>® AMPs are typically amphiphilic in nature,
with opposing hydrophilic and hydrophobic faces that are

Introduction

Since the introduction of insulin to treat type 1 diabetes 100
years ago, large strides have been made in the field of peptide
therapeutics to treat a range of other diseases such as cancer,
multiple sclerosis, and HIV."* Antimicrobial peptides (AMPs),
a component of the innate immune system, have garnered
particular attention as potential agents to combat the alarming
increase in multi-drug-resistant bacterial and fungal infections.
Many natural AMPs are cationic, a-helical peptides that work via
disruption of microbial cell membranes, making them less
likely to lead to resistance than antibiotics with a specific
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important for membrane disruption.® However, natural o-
helical AMPs typically have low stability in vivo because of their
susceptibility to proteolytic cleavage”™® and also exhibit low
selectivities for microbial versus human cells; these two limita-
tions have served as obstacles to their translation into clinical
therapies.” Novel approaches to design peptides and their
analogues are necessary to tackle these challenges.

One strategy to address these issues is to substitute tradi-
tional a-amino acids with noncanonical f-amino acids, which
have an additional carbon in the backbone relative to a-amino
acids, in specific patterns and positions of the original
sequence, as shown in Fig. 1.°** This class of synthetic peptides,
known as o/B-peptides, can exhibit enhanced proteolytic resis-
tance while maintaining side chain presentations similar to
those of a-peptides, enabling the templating of sequences on
naturally occurring AMPs."*® In addition, using B-amino acids
enables the exploration of a much larger array of amino-acid
combinations compared to naturally occurring peptides (such
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Fig. 1 Example chemical structures of aurein 1.2 and template o/B-
peptides used in this study. “Backbone” denotes B-amino acid
patterning, yellow highlights correspond to B-amino acids, and light
blue highlights correspond to the B-amino acid ‘ACPC’ (trans-2-ami-
nocyclopentane-carboxylic acid, simplified as ‘X). a-Amino acids are
unhighlighted. «/B-Peptides were previously rationally designed as
analogues of aurein 1.2 to improve its antifungal selectivity.

as repeating aaf or aaBaaap backbone patterning or the pres-
ence of the helix-stabilizing component ‘ACPC’ shown in Fig. 1),
which could lead to enhanced stability and selectivity profiles.
For example, our previous studies introduced o/B-peptides
developed as analogues of aurein 1.2, an AMP found in
Australian bell frogs, to enhance their antifungal selectivity
against Candida albicans (Fig. 1).>* C. albicans is the most
prevalent hospital-acquired fungal pathogen and is known to
cause bloodstream infections,* leading to a mortality rate of up
to 70% in the case of sepsis.”* Despite an alarming increase in
antifungal resistance, only a handful of antifungal drug classes
are approved for use in the clinic, motivating a drive for the

development of new treatments, including AMP-based
therapeutics.”*?* Recent rational design efforts by our group
have resulted in o/B-peptides that exhibit significantly

enhanced antifungal selectivity, with up to a 22-fold improve-
ment over aurein 1.2."°

The antifungal selectivities of a/B-peptides in our prior work
were quantified using a selectivity index (SI). This parameter is
the ratio between mammalian cell toxicity (often defined as
‘HC,¢’, or the concentration of peptide required to cause 10%
hemolysis, or the lysis of human red blood cells) and antifungal
activity (defined as the minimum inhibitory concentration, or
‘MIC’, needed to inhibit at least 90% growth of fungal cells).’
The SI is used as a metric to guide the design of highly selective
(high-SI) antimicrobial AMPs and mimetics.>**** However,
obtaining AMPs and peptidomimetics with high antifungal SI
remains challenging compared to the design of highly selective
antibacterial AMPs because antifungal toxicity correlates more
strongly with hemolysis than does antibacterial toxicity.*>*” This
challenge is largely attributed to the more similar membrane
compositions of eukaryotic fungal and mammalian cells
compared to prokaryotic bacterial cells, which affect the
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membrane-active mechanism of most AMPs and mimetics.”*°
While many peptides can disrupt membranes, the most valu-
able therapeutic options would be those that are most selective.

Our past studies have shown that experimentally determined
peptide physicochemical properties such as helical rigidity and
hydrophobicity can be used to accurately predict fungal activity
and hemolysis metrics, in addition to providing specific ranges
over which high selectivity could be expected.’® However,
experimentally determined physicochemical properties require
low-throughput biophysical characterization. In addition, most
physicochemical properties of short peptides are highly corre-
lated, rendering rational design a difficult strategy because
altering a single amino acid can result in changes in multiple
physicochemical properties.** Consequently, rational design
approaches require educated guesses about the results of
a single amino acid substitution followed by a/B-peptide
synthesis, an overall approach that is often prohibitive at large
scale in terms of time and financial cost. Therefore, a predictive
method to navigate the sequence space and discover novel a/f-
peptide sequences with improved antifungal selectivity would
be useful and could significantly expedite development.
Unfortunately, the prediction of novel a/B-peptide sequences is
hindered by the relative lack of experimental data available in
databases compared to natural a-peptide AMPs (such as APD3,**
CAMPR3,* and DRAMP*!). This data scarcity limits the appli-
cation of large database-driven machine learning (ML)
methods, such as deep learning,***” natural language models,**
and variational autoencoding,®* which have proven useful in
past studies for the prediction of novel canonical AMP
sequences. Additionally, models trained on quickly generated
sequence-based data representations for o-peptides involving
only the 20 canonical amino acids (e.g., one-hot encoding***!)
are not directly transferable to AMPs containing synthetic
amino acids due to these data scarcity limits. Consequently,
predicting new sequences of synthetic peptidomimetics
remains challenging.

In this study, we demonstrate that highly selective o/B-pep-
tidomimetics can be discovered by iteratively predicting their
biological activities in silico using an ML model with computa-
tionally derived descriptors and then measuring selectivity
using in vitro experimental measurements to test model
predictions and update model parameters. Using an initial
dataset of 147 o/B-peptide sequences as a starting point,”>* we
developed an iterative Gaussian process regression (GPR)
workflow to predict HC,, and MIC values of novel a/B-peptide
sequences templated on the most selective sequences in this
initial training set. As input to the GPR model, we used 2D
molecular descriptors that can be quickly computed from
peptide chemical structures without relying on large databases
or computationally expensive predictive techniques. Peptides
were selected for synthesis based upon GPR predictions, with
experimentally measured HC,, and MIC values then used to
update GPR model parameters to guide the next prediction
round. Because GPR estimates the uncertainty of regression
predictions,**™° this approach permits evaluation of promising
new sequences with low uncertainty and high predicted SI while
also testing sequences with high uncertainty to expand the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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design space (e.g., sequences with new amino acids) for future
prediction rounds. After six rounds, we identified new selective
o/B-peptides with up to a 52-fold improvement in SI compared
to aurein 1.2. Although these new peptides possess desirable
physicochemical properties typically indicative of high anti-
fungal selectivity, their sequences, which largely contain
unconventional amino acid substitutions, would be less likely
to be identified through rational design. Our results demon-
strate the effectiveness of an iterative GPR-guided strategy to
screen through a large sequence space and identify multiple
new o/B-peptides with significantly enhanced antifungal selec-
tivity. These peptides could, with further development, prove
valuable as therapeutic agents to combat the rising incidence of
drug-resistant fungal infections.

Results and discussion
Iterative GPR workflow implementation

Fig. 2 summarizes the iterative workflow developed and used in
this study. The goal of this approach was to guide the selection
of peptide sequences for experimental testing, and thus model
training and AMP design, by quantifying the uncertainty of
model predictions obtained from GPR, building on studies that
have successfully implemented iterative Gaussian-based tech-
niques.*”*® The initial training set for the iterative GPR predic-
tive workflow included 147 13-amino-acid o/B-peptides
designed as analogues of aurein 1.2 (Fig. 2a)*'" in our past
studies to maximize antifungal selectivity, measured through
a metric called the selectivity index (SI).° The SI is defined as the
ratio of experimentally determined peptide HC;, to MIC
measurements as shown in eqn (1):

_ HCy

SI = MIC )]

From two-fold serial dilutions, HC;, was interpolated
continuously, whereas MIC was discretely determined to stay
consistent with conventional methodologies.”** All HC,, and
MIC data were log, scaled to accommodate the serially diluted
nature of the experimental measurements. Of the 147
sequences, fifteen are newly reported in this study (Appendix I)
and were evaluated with the same methodology as that of prior
studies to ensure reliable SI quantification. As depicted in
Fig. 2a, the training set consisted of peptides with B-amino
acids prefixed with a “B” in the amino-acid sequence, in addi-
tion to the B-amino acid ‘ACPC’ (trans-2-aminocyclopentane-
carboxylic acid), simplified as ‘X’ (Fig. 1 and 2a) which is
a cyclic 5-membered ring that improves helical folding and
stability.****">* For our approach, each sequence in the training
set (Fig. 2a; i.e., the sequences with corresponding experimen-
tally measured HC;, and MIC) was first transformed into its
simplified molecular-input line-entry system (SMILES) repre-
sentation (Fig. 2b), which uniquely represents the bonding,
branching, ring groups, and aromaticity of each peptide®*
through the definition of both backbone and sidechain frag-
ments (see Section S1 and Fig. S1} for more details). Unlike
popular sequence encodings that can only categorically
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distinguish between amino acids in peptide sequences (e.g.,
binary vectors in one-hot encoding?®*!), the SMILES data
representation captures important molecular properties of
these amino acids in the context of their local bonding envi-
ronment. We utilized these SMILES strings as input to the
RDKit Cheminformatics toolkit to calculate 200 molecular
descriptors for each sequence.” Descriptors are numerical
values associated with each sequence that quantify properties
such as atomic van der Waals surface areas (VSA), partial
charges, bonding and branching complexity, and chemical
group counts (Section S27).

The total number of descriptors was large compared to the
number of training sequences, indicating that model training
could potentially lead to overfitting, which would not generate
robust predictions. Therefore, the total number of descriptors
used during model training in each prediction round was
reduced in two steps. First, all descriptors that had constant
numerical values for all sequences in the training set were
excluded because they cannot distinguish between properties of
different sequences (Fig. S27). Second, we performed 10-fold
LASSO cross validation (CV) (left plot in Fig. 2¢) to minimize the
average root-mean-square error of model predictions compared
to the measured HC;, and MIC values (further details in Section
S2 and Fig. S37). This approach quantifies the trade-off between
the number of descriptors and prediction accuracy to identify
a reduced set of descriptors that yields acceptable prediction
accuracy. This procedure resulted in between 13 and 40
descriptors used for model training for each round. Utilizing
this reduced descriptor set per round (Tables S1 and S21), the
highest accuracy (R*) GPR model (right plot in Fig. 2c) from
a hyperparameter search was then selected (see Table S47) for
HC,, and MIC predictions of novel o/B-peptide sequences. We
note that separate models, using separate sets of descriptors,
were trained to independently predict HC;, and MIC values.
GPR model selection criteria are described in Section S3.1 For
all regression steps, HC;, and MIC values were log, scaled
(Fig. S61) to simplify comparisons to experimental values of
hemolysis and antifungal activity, which are typically assessed,
by convention, using 2-fold serial dilutions of peptide
concentrations.

The two trained GPR models (for HC;, and MIC) were then
used to assess peptides from the design space of 168 000
possible sequences (for a single ‘template sequence’), which we
refer to as ‘test sequences.” The ‘template sequences’ were the
three highest SI sequences in the initial training set (Fig. 2a) for
each backbone (specifically aap and aopocap, depicted in
orange in Fig. 3c and d) that were selected to provide a well-
defined sequence space to explore in the step shown in
Fig. 2d using the iterative GPR approach (details on design
space generation are explained in depth in the next section,
‘properties of training sequences and design space generation’).
Test sequences were converted to SMILES representations and
corresponding descriptors were calculated. Due to the large
range of descriptor values for the test sequences (up to six times
larger than the upper bound of descriptor values for training
sequences, see Fig. S7 and S87), we only used the GPR models to
predict HC;, and MIC values for test sequences for which all
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Fig. 2 Schematic demonstrating the integrated computational and experimental iterative approach used in this study. (a) Training set of 'n’
sequences with corresponding HC;o and MIC labels for Gaussian process regression (GPR). (b) All sequences were converted to SMILES string
representations (Section S17), in which selected amino acids are highlighted in red for visualization. (c) After calculating 200 descriptors for each
sequence and removing all constant descriptors, LASSO cross validation was used to reduce the set of descriptors. The reduced set of descriptors
was then used to train separate GPR models for HC;o and MIC using data in the training set (right plot, see Table S4+ for model parameters). (d)
The trained GPR model was applied to predict HC;o and MIC for all peptides in the design space generated from the template sequence. New
sequences were selected for experimental synthesis based on a balance between sequences with low uncertainty predictions for model vali-
dation and high uncertainty predictions for further model training. (e) HC,o and MIC values for new sequences were quantified experimentally,
compared to model predictions, and added to the training set (a) for the next round. This figure includes graphics imported from https://

www.biorender.com.

descriptor values were within the bounds of the values
computed for training sequences to prevent large prediction
inaccuracies due to extrapolation (Table S5t). We then utilized
the ability of GPR to quantify prediction uncertainty through
standard deviations (o) to inform the selection of test sequences
for experimental synthesis. To compare prediction uncer-
tainties across prediction rounds by accounting for the changes
in standard deviation distributions that resulted from updating
the descriptors (Section S2t) and the GPR models (Section S37)

5582 | Chem. Sci, 2025, 16, 5579-5594

every round, we define the normalized standard deviation
(NSD), which varies from 0 to 1, in eqn (2):
0 — Opi
NSD = ——— ™ (2)
Omax — Omin

g is the standard deviation of a prediction for a test sequence
and opin and o« are the minimum and maximum standard
deviations of all predicted values for a prediction round
(considering only test sequences with all descriptors within the
lower and upper bounds of training descriptors, see Section

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Overview of a/B-peptides and training design space for the
Gaussian process regression workflow. (a) Helical wheel representa-
tion of aurein 1.2, which was used as the starting sequence to generate
a library of 147 o/B-peptide sequences (used as the initial training set in
our study) in previous rational design studies. Amino acid types are
color-coded as follows: nonpolar (orange), polar (dark blue), basic
(cyan), and acidic (red). “B" refers to amino acids with an additional
backbone carbon to increase stability compared to traditional a-amino
acids and R denotes side chain. (b) Number of training sequences (out
of 147, denoted with dashed line) that contain at least one of each a-
(top) and B- (bottom) amino acid. Amino acids (o and B) absent from
the training peptides but utilized in this study are boxed at lower right.
Amino acids are color coded in the same manner as in the previous
panel. (c and d) Distribution of training sequences for the (c) a.aff and
(d) aaBaoaB backbones according to their hemolysis (log,(HCyg)) and
antifungal activity (log,(MIC)). Grey lines indicate constant Sl values
equal to 10, 20, and 30. The top three Sl template peptides for each
backbone are shown as orange points. The corresponding amino-acid
template sequence is shown with positions corresponding to varying
amino acids in red. "—NH," refers to an amidated C-terminus, whereas
the N-terminus is +1-charged (these properties are shared for all
peptide sequences). All other training sequences are shown as blue
points. log,(HC4g) vs. log,(MIC) distributions for the other two back-
bones used for model training (aaap and apafaap) are shown in
Fig. S9,1 and the combined activity distribution for all 4 backbone types
is plotted in Fig. S10.7
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S51). Test sequences with low NSD were selected for experi-
mental synthesis to validate the model's predictive capabilities,
whereas sequences with high NSD were chosen to further train
the model (Fig. 2d). GPR predictions of HC;, and MIC for these
new sequences per prediction round were compared to experi-
mental hemolysis and antifungal activity assays, respectively
(Fig. 2e), and then added to the training set (Fig. 2a) for
subsequent rounds. The overall approach was performed in six
prediction rounds starting from the initial 147-sequence
training set. Across these six rounds, this approach led to a total
of 23 newly discovered peptides (i.e., peptides selected for
experimental synthesis and measurement of HC;, and MIC).

Properties of training sequences and design space generation

As described in the previous section, the initial training set
comprised 147 rationally designed a/B-peptides derived from
the natural sequence of aurein 1.2,>" incorporating both
natural amino acids and synthetic B-amino acids to enhance
proteolytic stability and antifungal selectivity (Fig. 3a). These
peptides consisted of four distinct a/B-peptide backbone
motifs—either aof, aoap, aapocaf, or afapacp—all predicted
to adopt helical conformations resembling a-helices (i — i +4
folding), as supported by prior high-resolution and circular
dichroism (CD) structural studies.'®**** The rational design-
based library generation, illustrated in Fig. 3a, was guided by
helical wheel diagrams that qualitatively depict the expected
folding behaviour of the o/B-peptides, assuming they would
mimic the structure of aurein 1.2. This assumption was
corroborated by CD spectral alignment between the i — i + 4
folding GCN4-pLI-based o/B-peptides and the training set
peptides,®*”** the inclusion of helix-stabilizing ACPC B-amino
acids,” and the extended 13-residue sequence length,>
although we acknowledge that this does not preclude the
possibilities of other bonding states such as i — 7 + 3 folding.
This prior rational design took into account the expected
distribution of amino acids in the helical wheels to maintain or
enhance amphiphilicity as a strategy to increase antifungal
selectivity through extensive trial and error.**°

Fig. 3b visualizes the occurrence of each «- and B-amino acid
in the initial 147 sequence training set (dashed horizontal line)
in terms of their polarity: nonpolar (orange), polar (dark blue),
charged basic (cyan), and charged acidic (red). Only 13 of the 20
possible canonical a-amino acids were present in the 147-
peptide training dataset. Additionally, only five a-amino acids
(phenylalanine ‘F’, lysine ‘K’, isoleucine ‘T’, glycine ‘G’, leucine
‘L’) and three f-amino acids (B-homoisoleucine ‘*I’, ACPC X’, B-
homophenylalanine ‘*F’) were represented in at least half of the
training sequences. Therefore, a large sequence design space
remains unexplored, even for short 13-amino-acid peptides. To
reduce this design space, we focused on templating and
improving on high selectivity (high-SI) peptides in the training
set based on amino-acid positions that vary amongst them (red
amino acids in Fig. 3c and d), where the higher-SI peptides
trend towards the top left of the plots in Fig. 3c and d.

The three highest-SI peptides of the 147 training sequences
consisted of the aap backbone (indices #241, #239, #231) with SI

Chem. Sci,, 2025, 16, 5579-5594 | 5583
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values ranging from 11.6 to 24.1; we selected these three
peptides as template peptides for the aaf backbone. The
sequences of these peptides varied in amino-acid positions 5,
10, and 12, and we additionally chose to vary amino-acid posi-
tion 1 during the iterative GPR workflow to investigate the
effects of N-terminal substitutions on peptide hemolysis and
antifungal activity. Previous experimental structure-activity
studies have found that substituting the N-terminal ‘G’ in aur-
ein 1.2 with ‘A’ significantly decreased activity against C. albi-
cans,*® whereas a ‘G’ to ‘A’ substitution increased broad-
spectrum activity against bacteria.’” The three template oof-
peptide sequences are shown as orange points in Fig. 3c along
with the other 32 training sequences on the oo backbone (dark
blue points) for reference. The 4-6™ highest SI peptides in the
training set (#133, #029, #131) consisted of the aapaaap back-
bone with SI values ranging from 9.1 to 10.6 (orange points in
Fig. 3d); we selected these three peptides as template peptides
for the aofaoap backbone. We chose to consider amino acid
variations in these three peptides (at positions 1, 6, 10, 12) given
their high antifungal activity, albeit with lower selectivity
compared to the aaf-peptides. Fig. 3c and d shows the two
resulting template sequences (for the oo and aapacaf back-
bones, respectively) with the four amino-acid positions in each
sequence that were varied during the GPR approach indicated
in red.

For o positions in the template sequences, we considered the
13 amino acids included in the training data (top histogram in
Fig. 3b) plus five natural amino acids (methionine ‘M’, trypto-
phan ‘W', tyrosine ‘Y’, asparagine ‘N’, glutamine ‘Q’) and two
hydrophobic synthetic amino acids (norvaline ‘Nva’, norleucine
‘Nle’) for a total of 20 possible substitutions. Nva and Nle are
extensions of the a-aminobutyric acid (Abu) amino acid present
in training peptides and were included based on previous
studies suggesting that these amino acids increase membrane
binding by promoting positive membrane curvature®® and
improve antimicrobial activity by increasing peptide hydro-
phobicity.” Three natural amino acids were not considered:
proline 'P' due to destabilization of AMP folding by inducing
kinks in helices,**** cysteine ‘C’ due to its capability to form
disulfide bridges,* and histidine ‘H' due to its sensitivity to
physiological pH, leading to changes in charge.® For B positions
in the template sequences, the B version of the 20 a-amino acids
described above plus ACPC ‘X’ were considered for a total of 21
possible substitutions. Given the three «- and one f-amino acid
positions varied for each backbone type (red amino acids in
Fig. 3¢ and d), two different design spaces of 168 000 (20> x 21)
possible sequences were considered for this study for a total of
336 000 sequences. As described in the previous section, ‘iter-
ative GPR workflow implementation’, these design spaces were
reduced each round (Fig. 2d, S18 and Table S51), only consid-
ering test sequences for which all descriptor values were within
the bounds of training descriptor values (Fig. S7 and S8+).

Iterative GPR model training

Upon implementation of the iterative GPR workflow demon-
strated in Fig. 2 based on the initial training set and design
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Fig. 4 (a) R? (black lines) and maximum error (red lines) metrics
calculated per prediction round for separate HC;q (solid) and MIC
(dashed) prediction workflows. (b and c) Comparison of GPR-pre-
dicted vs. actual experimentally measured values of (b) log>(HC,) and
(c) log>(MIC). GPR predictions used the final trained GPR model for the
6th prediction round. Points are validation set predictions from 10-fold
cross-validation; that is, each point is the predicted value from when
the corresponding sequence is not used for model training. The
original 147 training peptides are shown as open blue circles and new
peptides discovered with GPR are shown as red triangles. Coefficients
of determination (R?) are included in bold.
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Fig. 5 (a) Summary of GPR prediction results. Amino-acid substitutions relative to any training sequence are in red. The ‘Dif column quantifies
the number of these substitutions, and the ‘New AA’ column denotes if any substitution is an amino acid not present in the training data for that
round. Experimentally measured (Act.), GPR-predicted (Pred.), and their difference are shown for both log,(HC1g) and log,(MIC). NSD refers to
the normalized GPR standard deviation and ranges from O (dark green; low uncertainty) to 1 (dark red; high uncertainty). SI computed from the
experimentally measured HC;g and MIC is also shown. (b and c) log(HCjp) vs. log,(MIC) distributions comparing original training (dark blue dots)
vs. new peptides added during the iterative workflow (stars) for prediction rounds (b) 1 to 4 and (c) 5 to 6. Grey diagonal lines denote Sl bands with
values of 10, 20, 30, 40, and 50. All peptides discovered with larger Sl values than the original highest-SI peptide from the initial training set (SI =
24.1) are indicated in bold. The horizontal dotted line at log,(HC,o) = 12 denotes the upper limit of the hemolysis assay, corresponding to
a peptide concentration of 4096 pg mL™%. The test design space and corresponding standard deviation ranges for all GPR prediction results are
visualized in Fig. S18.7

space outlined in Fig. 3, we observed that the approach
demonstrates stable accuracy per prediction round for both
HC,, and MIC (black lines in Fig. 4a), and R* values for the
comparison of GPR-predicted and experimentally-determined
HC;, and MIC were comparable to previous efforts to predict
MIC for a variety of antimicrobial compounds using simple

© 2025 The Author(s). Published by the Royal Society of Chemistry

sequence- or SMILES-based input data representations.®**® As
expected, MIC accuracy was consistently lower than HC,, given
the nature of antifungal activity assays, where, by convention,
the maximum of three replicates from serially diluted experi-
ments, rather than the average, is taken as the MIC**"*® (Section
S107). Therefore, continuous log,(MIC) GPR predictions were
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rounded up to the nearest whole number to match this exper-
imental methodology. For rounds 1 to 3, the selected set of
descriptors remained the same (see ‘Initial’ column in Tables S1
and S27). However, given a large increase in the maximum error
between experimentally measured HC;, and MIC versus GPR
predictions for both quantities in round 3 (red lines in Fig. 4a)
after the introduction of a large HC;, and MIC sequence to the
training data (sequence 2-4, see Fig. 5a, S11 and S12t), we
revised the workflow to update the selected set of descriptors
through LASSO CV during each subsequent round from round 4
onwards as described above. Although this approach led to an
initial increase in prediction RMSE between GPR predictions
and experimental measurements (Fig. S131), AMPs with high
HC;, and MIC values were more accurately predicted for newly
introduced sequences, particularly compared to the consistent
underprediction of high-value MIC labels in rounds 1 to 3
(Fig. S127).

Fig. 4b and c shows parity plots for log,(HC;,) and log, (MIC)
predictions for the final GPR model used for round 6, which not
only visualize the final prediction accuracy, but also highlight
the novel sequences introduced (red triangles) and their
distributions of log,(HC;,) and log,(MIC) values compared to
the original 147 training sequences (blue open circles). As part
of our evaluation of model robustness across prediction rounds
(Fig. S14-S167), we also probed the predictive power of the GPR
models through y-randomization (Fig. $161),°*”° which
compares randomly shuffled labels with the ones used for
model development. Overall, these results verified that the
predictions made by the model were not from random chance,
thereby validating the rigor of our descriptor and GPR model
selection approach.

GPR guides the discovery of a/B-peptide sequences with novel
amino acids and motifs

Fig. 5a shows the results of the GPR workflow for the 23 newly
discovered peptides experimentally tested during the six
prediction rounds (Fig. S21 and S22+), which are plotted as stars
in Fig. 5b and ¢ and compared to the initial training sequences
in blue (Fig. 3c and d). In general, NSD values aligned well with
the difference in actual (Act.) vs. predicted (Pred.) labels, and for
newly introduced amino acids or motifs, there was an initial
prediction inaccuracy that was resolved when reintroduced in
later prediction rounds. For instance, sequences 1-1 (new Nle)
and 2-1 (new PF-F C-terminal motif) were underpredicted by
a factor of approximately two for both log,(HC,,) and log,(MIC).
Sequences 2-3 (containing Nle) and 3-1 (containing PF-F),
however, were predicted with excellent accuracy relative to
experimental measurements. Additionally, NSD values are
associated with how chemically disparate newly introduced
amino acids were from amino acids present in training
sequences. For instance, sequence 3-1 was predicted with rela-
tively low uncertainty (NSD < 0.30 for both log,(HC;,) and
log,(MIC) predictions) despite the new Nva amino acid. This is
consistent with Nva having linear alkyl side chain that is
intermediate in length compared to Abu and Nle (reference
chemical structures in Fig. 3b), which were present in the
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training set by round 3. In contrast, peptides 2-4, 3-2, and 3-4,
each of which each introduced amino acids ‘Q,” ‘*Y,’ and ‘W,
containing amine, phenol, and indole chemical groups,
respectively, had higher prediction uncertainty (NSD > 0.70),
even with a single amino-acid substitution relative to training
sequences.

To further support the ability of the GPR model to capture
relationships between input physicochemical properties of new
amino acids and target activity measurements, we calculated
the NSD distribution of each newly introduced amino acid in
rounds 1 to 3 since the set of descriptors for HC,, and MIC
predictions remained the same for these prediction rounds
(Tables S1 and S21). Bar and whisker plots of these NSD
distributions are plotted in Fig. S177 for the Nle, ‘Q’, Nva, Py,
and ‘W’ amino acids, which show that, in general, there was
a large decrease in the average NSD (therefore, a decrease in
prediction uncertainty) for these amino acids in prediction
rounds following their introduction. Interestingly, Nva
(Fig. S17ct) largely followed the same trends as Nle (Fig. S17at),
despite not being introduced prior to the changes observed in
NSD. This observation supports the model's ability to transfer
learned information from amino acids present in the training
sequences to new amino acids that have similar chemical
structures, and highlights the advantage of 2D molecular
descriptors over more traditional data representations for
peptide sequences such as one-hot or orthogonal encoding,*””*
which would distinguish Nva and Nle as separate amino acids
with no intuition for their chemical similarity.

GPR approach yields multiple highly selective o/B-peptides
and identifies an unconventional cationic amino acid
substitution

Fig. 6 visualizes amino acid substitutions of aurein 1.2 that
resulted in the highest-SI peptides discovered through the
iterative GPR approach. We first note that the highest-SI
template peptides (#241, SI = 24.1; #131, SI = 9.08) previously
developed through rational design exhibited improved selec-
tivity compared to aurein 1.2.>*° In the initial prediction rounds
(1 to 4), peptides were synthesized with the focus on model
training by introducing new amino acids and previously utilized
amino acids in novel positions. In this process, two high-SI
peptides were discovered, one of which featured an unconven-
tional cationic amino acid (4-1, ‘K’ substitution) on the
hydrophobic face, a substitution that was not explored in our
prior rational design attempts because of concerns that reduc-
tions in amphiphilicity and hydrophobicity would result in
excessive losses in antifungal activity.'>”> As expected, these
newly discovered high-SI peptides did not exhibit increased
antifungal activity. Instead, the decrease in hemolytic activity
was significant, which drove an increase in selectivity. There-
fore, the initial rounds demonstrate that peptides discovered by
the model improved selectivity by reducing hemolysis rather
than by increasing antifungal activity.

In rounds 5 and 6, the more antifungal aafaoof backbone
was explored as the template (Fig. 3d) using the same workflow
as in rounds 1 to 4, but by switching the design space to both

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Flowchart of the iterative GPR-guided sequence-substitutions of a/f-peptides templated on aurein 1.2 that resulted in high selectivity
against C. albicans. Hydrophobic amino acids are shown in orange, cationic amino acids in cyan, anionic amino acids in red, and neutral polar
amino acids in blue. B-Amino acids are visualized with a subscript and ACPC is represented as X. Red dashed boxes represent single amino-acid
substitutions between each peptide. Each peptide is labelled with its experimentally measured SI. The highest-SI peptide discovered by the

iterative GPR approach is highlighted in purple.

evaluate the transferability of our approach and to obtain
higher-SI peptides. This change enabled us to use the large
amount of low hemolysis (high log,(HC,,)) training data from
rounds 1 to 4 (Fig. 5a) to probe whether the model could be
applied to a different peptide backbone with inherently higher
antifungal activities (lower log,(MIC)) to find new high-SI
peptides. Although there was an initial increase in the overall
prediction RMSE in round 5 with the switch in backbone
template from aaf to aaPacof and selection of 2 test sequences
with moderate uncertainty (5-2 and 5-3, Fig. 5a), the selection of

© 2025 The Author(s). Published by the Royal Society of Chemistry

4 low uncertainty sequences to probe new high SI peptides in
round 6 led to the lowest prediction RMSE across all prediction
rounds (Fig. S137). Interestingly, this approach was successful
in discovering four additional high-SI peptides (5-4, 6-1, 6-3, 6-4;
27.8 < SI < 57.1) with high prediction accuracy and low uncer-
tainty (low NSD) while drawing on learned trends from previous
prediction rounds on the aaf backbone (Fig. 5¢c). For instance,
as seen in peptides 4-3 and 4-4, 1°* position cationic (K, R)
amino acids tend to produce peptides with low hemolysis (high
log,(HC,0)) and good selectivity (high-SI), which was reflected
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by many high-SI aaBoaap candidate sequences in rounds 5 and
6 (5-4, 6-2, 6-3, 6-4) with a 1% position ‘K.’ Additionally, drawing
on the ability of peptide 4-1 to increase selectivity with a cationic
amino-acid substitution on the hydrophobic face of the aaf
backbone, an arginine (R) substitution on the hydrophobic face
of a high-SI aapocaf template (#131) was predicted and
experimentally validated, resulting in an over 6-fold improve-
ment in selectivity (6-4 in Fig. 6). With an SI of 57.1, peptide 6-4
was the highest-SI peptide identified in this study and show-
cases a substantial increase in antifungal selectivity compared
to the training data. Overall, this approach was able to discover
13 novel high-SI peptides (11.0 < SI < 57.1) with comparable or
higher SIs than the template peptides (9.08 < SI < 24.1) (Fig. 5a).
We further note that our SIs are significantly higher or compare
favorably to the SIs of other antifungal AMP mimics reported in
the literature (often around 16 for hRBC HC,, over C. albicans
MIC),**”*7* as well as certain clinically used small molecules
such as amphotericin B (which has an SI of 1 (ref. 76 and 77)).
Additional studies in animal models of fungal infection will be
necessary to determine the extent to which these substantial
increases in SI may also translate to therapeutic significance in
different pre-clinical contexts.

The number of test sequences considered per round
(between 8764 and 17 238 sequences depending on prediction
round, see Table S57) is sufficient to explore large variations in
amino acids and motifs as demonstrated in Fig. 5a, given that
this design space is approximately 2 orders of magnitude larger
than the initial peptide training set (147 sequences). We also
note that the number of a/B-peptides that has been character-
ized experimentally is significantly smaller than o peptides,
such that this design space represents a substantial number of
novel sequences. To further increase the potential design space
considered in our approach, we note that the decrease in the
number of considered test peptide sequences (Table S5, ‘total’
column) is largely a result of the increasing number of
descriptors kept with LASSO CV from rounds 1-6 (Fig. S3t)
because we require each potential test sequence to have all
descriptor values fall within the lower and upper bounds of the
training set per round. Therefore, although it is out of the scope
of this study, a potential avenue for increasing the possible
number of test sequences would be to truncate the number of
descriptors kept with LASSO CV (e.g., keeping only the top 20
descriptors by LASSO coefficient weights) to increase the design
space, particularly since the average RMSE for 10-fold LASSO CV
only slightly increases when fewer descriptors are used
(Fig. S37). For instance, truncating the descriptor set to the top
20 descriptors increases the design space for round 6 for HC;,
predictions from 10111 to 34419 sequences and for MIC
predictions from 19 057 to 43 650 sequences while maintaining
similar cross-validation prediction accuracies compared to the
full descriptor set. Because our present approach successfully
identified new peptides with improved selectivity indices that
are relevant in potential therapeutic contexts (as discussed
above), we do not foresee this approach as necessary, but one
could utilize this method (or similar methods to relax the
constraints on the number of descriptors) to expand the design
space in future work or other related applications.
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Overall, these results demonstrate that an iterative ML
approach can successfully discover high-SI peptides through
substitutions that would not have been rationally anticipated.
The advantage of the SMILES representation for peptide
sequences is that it is agnostic to the backbone type (combi-
nation of o and B amino acids), thereby promoting the trans-
ferability of the model across backbones in this study and,
potentially, for other synthetic motifs (e.g., y-amino acids with
two additional backbone hydrocarbons compared to a-amino
acids™) in the future.

Improved antifungal selectivity in GPR-screened o/B-peptides
is dependent on charge, hydrophobicity, and helical rigidity

To better understand the relationship between sequence, struc-
ture, and activity for the newly discovered high-SI o/B-peptides in
comparison to aurein 1.2 and the high-SI template peptides, we
experimentally measured their physicochemical properties
(Table 1) and visualized representative comparisons in Fig. 7.
Notably, the highest-SI peptides discovered by the iterative GPR
approach (4-1, 5-4, 6-1, 6-4; 27.5 < SI < 57.1) exhibited lower
hydrophobicity (i.e., smaller HPLC-retention times; RT) and
reduced helical rigidity compared to the highest-SI template
peptides (#029-#241; 9.08 < SI < 24.1) (Table 1 and Fig. 7). Peptide
net charge either remained the same or increased by one
compared to the template peptides, demonstrating the useful-
ness of such substitutions in certain positions. In general, all
high-SI peptides in this study possessed lower hydrophobicity
and helical rigidity, while possessing a higher cationic charge
compared to aurein 1.2. These are well-documented character-
istics of highly selective antifungal peptides.”*”

Generally, decreases in hydrophobicity are correlated with
decreased mammalian cell toxicity,***> which, in turn, leads to
higher selectivity. Supporting these trends, newly discovered
high-SI peptides exhibited significantly decreased hydropho-
bicity in all cases compared to their respective high-SI templates
(i.e., RT of 13-15 min compared to 15-18 min for aafooof
backbones). When compared to aurein 1.2, the differences were
even greater, with an at least 10.5 minute reduction in RT,
illustrating the importance of low hydrophobicity for antifungal
selectivity. Similarly, the helical rigidities of newly discovered
high-SI peptides were lower than those of the template peptides
and aurein 1.2 (Table 1 and Fig. 7b). Quantified as the ratio
between the molar ellipticity of peptide (minimum amplitude
[6]) in 15% and in 100% trifluoroethanol (TFE) and measured
through circular dichroism (CD), helical rigidity describes the
ability of a peptide to remain helical in aqueous conditions in
comparison to its maximum helical conformation, which TFE is
known to induce.*® The amplitude at the minimum wavelength
was utilized as a measurement of helicity to remain consistent
with prior structural studies coupling crystallography and NMR
with CD."®* TFE is often used to mimic the microbial cell
membrane environment,>*”?# while 15% TFE in water has been
used to obtain quantifiable differences in low-helicity peptides
in aqueous conditions.>*® Similar to hydrophobicity, high
helical rigidity results in toxicity against human cells.'*>*#%3
For example, aurein 1.2 presented classic a-helical CD spectra

© 2025 The Author(s). Published by the Royal Society of Chemistry
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in both aqueous and organic solvent conditions (15% and 100%
TFE, Fig. 7b), with a high helical rigidity of 102 &+ 2% (Table 1).

Both template and newly discovered high-SI peptides
exhibited CD curves characteristic of helical a/B-peptides,®***”
with lower helicity in aqueous conditions (red line, [6];s)
compared to those in organic conditions (black line, [6];00)
(Table 1, Fig. 7b and S247). While the presence of an additional
carbon in B-amino acids in a/B-peptides can lead to an altered
arrangement of the amide chromophores and lead to deviations
from the classic a-helical CD spectra, high-resolution structural
data coupled with CD analysis of previously studied helical o/f-
peptides'”® suggest that the newly discovered peptides in this
study also likely fold in a manner similar to aurein 1.2, but with
significantly reduced helical rigidities. These results support
the use of a/B-peptides as a strategy to enhance antimicrobial
selectivity of naturally sourced AMPs without compromising
their side-chain presentation pattern.

Newly discovered peptides from our approach were also less
helical than the template peptides regardless of backbone type.
For example, peptide 4-1 (aap-motif) exhibited around 31%
helical rigidity while aaf template peptides had 34-60%;
similarly, peptides 5-4, 6-1, and 6-4 (aoBaooB-motif) exhibited
helical rigidities between 24 and 27%, while aofaoof template
peptides had 37-46%. This decrease in helical rigidity can be
attributed largely to the significant reduction in the helicity of
peptides in aqueous conditions ([f];5) rather than changes in
helicity in organic conditions ([#]¢0) (Fig. 7b and S257). Similar
trends have been observed for homogeneous a-amino acid-
containing antifungal®® and antibacterial AMPs,**** where the
ability of the peptides to adopt a non-helical-to-helical transi-
tion upon exposure to helix-inducing conditions (such as at the
cell membrane interface, or in TFE) was a critical contributor to
selectivity, predominantly driven by the high correlation
between helicity and hemolysis.®>* Overall, these results
suggest that the iterative GPR approach discovers higher
selectivity peptides largely by decreasing their hydrophobicity
and increasing their helical flexibility.

o/B-Peptides with high antifungal selectivity induce
significantly reduced hemolysis and kill other fungal and
bacterial microbes

Fig. 7c summarizes cell viability differences, highlighting how
variations in sequence, secondary structure, and other physi-
cochemical properties characterized in Table 1 influence
selectivity. In addition, the peptides were evaluated against
other clinical fungal (Candida glabrata, Candida tropicalis,
Candida parapsilosis) and model bacterial strains (S. aureus,
E. coli) to assess their potential applications against
other microbial species in comparison to aurein 1.2 (Tables S8
and S97). Aurein 1.2 demonstrated activity against C. albicans
at an MIC of 32 pg mL~' (green line), with other microbial
MICs ranging from 16 to 256 ug mL " (highlighted region,
Fig. 7c) (Table S8 and Fig. S261). However, aurein 1.2 exhibited
37.2 + 1.8% hemolysis at 64 pg mL~" (red line), resulting in
a narrow SI of just 1.1 against C. albicans, and was unable to
kill other microbial cells at the concentrations tested. In
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Fig. 7 Characterization of the highest-SI newly discovered peptides for each backbone. Aurein 1.2 (top), aaB-backbone peptide 4-1 (middle),
and aapaaaf-backbone peptide 6-4 (bottom) are shown. (a) Helical wheel representations of sequences and expected amphiphilic amino acid
arrangement. Hydrophobic amino acids are shown in orange, cationic amino acids in cyan, anionic amino acids in red, and non-charged polar
amino acids in blue. B-Amino acids are visualized with a subscript and ACPC is represented as X. (b) Circular dichroism spectra of the three
peptides in 15% (red) and 100% trifluoroethanol (black). The CD curves of other high-SI peptides with a aapaaaf backbone are represented as
dashed lines. (c) Comparisons between antifungal (C. albicans, green) and hemolytic (hRBC, red) activities of peptides along with their broad-
spectrum MIC range (highlighted). Highlighted regions represent the effective range of MICs of each peptide against all fungal and bacterial cells
tested. Data points are the averages of three independent experiments with at least two technical duplicates each and error bars represent the
standard deviation. (d) Table of C. albicans MIC, smaller-interval MIC (sMIC; see text), hRBC HC,q, SI and smaller-interval Sl (sSlI) for the four
highest SI peptides in comparison to aurein 1.2. sSMIC was measured at 5 ug mL™* intervals and sSI was calculated by HC;o/sMIC.

comparison, peptides 4-1 (xaf backbone) and 6-4 (aoBaoof
backbone) exhibited comparable MICs (128 pg mL™ " and 64 ug
mL~" against C. albicans, respectively, and 16-256 pg mL ™"
and 32-256 ug mL " broad-spectrum, Table S8 and Fig. S267)
to aurein 1.2, while only exhibiting hemolytic activities of 10.9
+ 2.2% and 9.4 & 3.1% at a concentration of 4096 pg mL ™",
respectively. This represents an almost 128-fold reduction in
hemolysis while maintaining similar antifungal and antibac-
terial activity (highlighted region, Fig. 7c). Other newly
discovered high-SI peptides (5-4 and 6-1) demonstrated similar

5590 | Chem. Sci, 2025, 16, 5579-5594

trends (Fig. S22, S26, Tables S8 and S91). Notably, some
peptides also exhibited a significant improvement in antibac-
terial selectivity, such as peptide 4-1, with an E. coli-specific SI
of 219.8 compared to an SI of 1.1 using aurein 1.2, representing
a 200-fold increase. These results not only indicate that our
model effectively discovers peptides with increased C. albicans
selectivity compared to human red blood cells (hRBCs), but
also demonstrate that these peptides are active against other
microbial cells.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Finally, we sought to quantify more precisely the antifungal
activities of lead peptides against C. albicans, the original target
of our model, to better understand the extent of improvement in
selectivity achieved using our approach. Here, we note that, in
all the determinations of MIC in the studies above, we used two-
fold serial dilutions to determine the lowest concentration
inhibiting over 90% of microbial growth. While conventional,
this method yields less accurate representations of true anti-
microbial activity that may lie in between the discrete concen-
trations that are actually tested and is exacerbated at higher
ranges (e.g., two compounds with MICs of 64 versus 128 pg mL ™"
misses more precise activity comparisons in contrast to MICs
between 1 pg mL ™' and 2 ug mL™"). Because MIC is used to
calculate SI, reported SI values may underestimate the
improvement in selectivity resulting from our approach.
Therefore, we measured the MICs of aurein 1.2 and high-SI test
peptides at smaller intervals of 5 ug mL ™" (sMIC), as opposed to
two-fold serial dilutions (Fig. 7d and S$277) and calculated cor-
responding ‘smaller interval SIs’ (sSI = HC,,/sMIC). As ex-
pected, all peptides tested including aurein 1.2 exhibited higher
sSI than SI, with 4-1 showing the largest increase. Compared to
aurein 1.2, which had an sSI of 1.2, all four newly discovered
high-SI peptides demonstrated significantly improved selectiv-
ities, ranging from 43.0 to 60.9, indicating up to a 51-fold
enhancement in selectivity.

Peptides 4-1 and 6-4, which contain cationic amino acids on
their hydrophobic faces, demonstrated the highest sSI despite
different backbones (aap for 4-1, aafoacaf for 6-4). These
results further support the idea that the unconventional
cationic amino acid substitution in the hydrophobic face of a/f-
peptides could be a productive strategy to enhance their anti-
fungal selectivity. While unintuitive from a rational design
standpoint, similar substitutions, denoted as “specificity
determinants” by Hodges and coworkers,*®® have been re-
ported previously to increase the selectivity of AMPs* and b-
enantiomer analogues®° for antibacterial applications, where
(1) increases in charge, (2) decreases in hydrophobicity, and (3)
decreases in helical rigidity led to a drastic reduction of
hemolysis and, in turn, enhanced antibacterial selectivity.®***
These studies mainly attributed the enhanced selectivity of
these AMPs to their altered membrane-active action, citing
differences between prokaryotic and eukaryotic membranes,
such as net charge, in the context of reduced helical rigidity of
peptides. We observed in this study that C. albicans selectivity
was also enhanced through a comparable amino-acid substi-
tution, even though C. albicans is eukaryotic. A potential
explanation for this is that the higher content of anionic
phospholipids in C. albicans cell membranes compared to those
of red blood cells (around 20% difference)’”*® may have simi-
larly contributed to the observed increase in selectivity.
However, considering that C. albicans cells contain many other
components different from human red blood cells, such as the
presence of a cell wall®” and different sterols in cell membranes
(ergosterol in fungi vs. cholesterol in hRBCs),”” further mecha-
nistic studies on interactions between o/B-peptides and cell
membranes are needed. Nevertheless, these results suggest that
substitutions of cationic amino acids into the more

© 2025 The Author(s). Published by the Royal Society of Chemistry
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hydrophobic face of a/B-peptides can be a strategy to improve
their antifungal selectivity. A potential next step to enhance the
antifungal selectivity of highly antifungal but hemolytic o/B-
peptides could involve exploring cationic-amino acid substitu-
tions at other positions in their hydrophobic faces, which can
be greatly accelerated by iterative GPR.

Conclusions

In this work, we demonstrate the advantages of an iterative
approach that combines model prediction with experimental
evaluation to discover highly selective antifungal peptides
containing noncanonical amino acids. By utilizing a Gaussian
process regression model capable of quantifying prediction
uncertainty, we explored a vast sequence space of peptidomi-
metic o/B-peptides (336 000 sequences) based on a relatively
small initial training set (147 sequences) to enhance their
antifungal selectivity. The uncertainties provided by the model
enabled us to make informed decisions on the selection of novel
a/B-peptide sequences to synthesize and evaluate experimen-
tally each round. After six prediction rounds, in which 23 new
peptide sequences were characterized, we discovered peptides
with high selectivity (sSI between 43 to 61), which had up to
a 52-fold improvement compared to the wild-type aurein 1.2 (sSI
= 1.2). In addition, these peptides also showed antimicrobial
activity against other microbial species including bacteria (SI of
220 against E. coli), further broadening their potential
applications.

Experimental characterization of newly discovered high-SI
peptides demonstrated that they exhibit physicochemical
properties typical of other highly selective natural AMPs, such
as high cationic charge, low hydrophobicity, and low helical
rigidity. Furthermore, the most selective a/B-peptides for both
a/B-backbones contain unconventional cationic amino acid
substitutions near the hydrophobic face, suggesting that
incorporating such substitutions could be a potential strategy to
enhance antifungal selectivity. This confirms that our approach,
based on only sequence and activity data, successfully discovers
highly selective peptides that would be far less likely to be
identified through conventional rational design. Further
understanding the impact of these substitutions on interac-
tions with cell membranes to provide mechanistic insight into
peptide activity (e.g., by modelling AMP-induced membrane
disruption with computational modelling techniques®) will be
a subject of future work. Given the challenges in physically
interpreting the descriptors used in this work (Section S9%),
physiochemical descriptors extracted from membrane binding
and pore formation molecular dynamics simulations'®® of
model o/B-AMPs (including descriptors related to changes in
hydrophobicity and helicity), for instance, could directly
support experimental HC;, and MIC measurements in this
study.

Overall, our approach circumvents the need for large sets of
low-throughput and costly experimental physicochemical data
while maintaining good prediction accuracy. Additionally,
since the SMILES data representation captures the structural
complexities of both backbone and side chain elements in
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a compound-agnostic manner, such a workflow is trans-
ferrable to other classes of antimicrobial peptides and
mimetics, such as, but not limited to, those of peptides with y-
amino acids’® or with hydrocarbon-staples.’®® We anticipate
that our approach, which enabled the discovery of highly
selective o/B-peptides with potential for antifungal therapy,
can similarly stimulate the discovery of other highly selective
peptidomimetics.

Data availability

A PDF of all computational and experimental methodology for
the iterative GPR workflow is included in the ESI.{ Python
scripts to run GPR model training and analysis as well as all
peptide sequences, SMILES strings, calculated RDKit
descriptors, and antimicrobial and hemolytic activity curve
datasheets have been uploaded to a GitHub repository asso-
ciated with this manuscript (github.com/jdrichardson97/
Peptide-GPR) to facilitate reproducibility of the results in
this work.
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