4\

N

N

el Jy \'f)/"'/ :
SN
(// & =7

M
]

)
/)
LG
R ‘% =

Barbara S. Perez
Parmis Abdoli




Challenges in antifungal discovery

Rising morbidity and mortality rates due

to antifungal resistance
Limited therapeutic targets

Fungal and eukaryotic similarity

complicates drug design

Many candidates fail due to host toxicity

Ergosterol B-Glucan synthesis
biosynthesis ® Echinocandins
Azoles® SCY-078
Terbinafine ® ASP9726
Amorolfine @® Biafungin
Isavuconazole
VT1-1161 Chitin synthesis
Simvastatin® Nikkomycin Z
VT-1129@ @® Polyoxins
Membrane disruption Sphingolipid

Amphotericin B®

Nysatin
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SPK-843@

GPIl-anchor
biosynthesis
E1210@
L365@
L884 @
L743@

Mitochondrial
function
T-2307@
llicicolin H®

biosynthesis
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@® Sphingofungins
® Myriocin

Fatty acid
biosynthesis/
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® EV-086

Signal tranduction

(calcineurin
inhibitors)

@® Cyclosporin
® Fk506

@ L685818

Osmoregulation
® KOSN-2079

Heme biosynthesis
® Sampangine

"~ Vesicle transport
® BHBM

@ Licensed antifungal @® Compounds no longer in
agents for treatment of development or with
systemic infection no obvious development

Antibody Nuclear Protein
® Mycograb maintenance/ | biosynthesis
(HSP90) function Tavaborol
® 5-flucytosine | @ Icofungipen
] Griseofulvin ® FR290581
5 ® MGCD290 ® Gm237354
not disclosed @ R-135853
F901318

® ASP2397

Licensed antifungal activity since 2012

agents for the treatment @® Compounds in
of superficial infection preclinical development

Compounds in
clinical trials




Antifungal peptides as alternative therapeutics

* Short, naturally
occurring peptides

Plasmatic membrane

Peptide
Red: hydrophilic region
Blue: hydrophobic region

e Often disrupt multiple
cellular processes

* ML methods | | AsaaasaAscan aaaasco
Increasingly used for IITIRSU N e s O UVULUAAR, = o
peptide discovery $

UL
Aidliass

Carpet-like model Barrel wall model
(syringomycin family (Amphotericin B)
of lipopeptides)
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Fung-Al: An Al/ML-driven pipeline for antifungal peptide discovery
Daniel S Berman, " Libby M Lewis, Tom D Curtis, Olivia N Tiburzi, Daniel F Q Smith, “= Arturo Casadevall,

Laura | Dunphy
doi: https://doi.org/10.64898/2026.03.09.710548

This article is a preprint and has not been certified by peer review [what does this mean?].

Abstract Full Text Info/History Metrics (3 Preview PDF

Abstract

Emerging fungal pathogens represent a concerning threat to both global health and food

security. In this study, we aimed to address our rising vulnerability to fungal pathogens through
the development of the Fung-Al pipeline: an Al/ML-driven approach for antifungal discovery. A
generative adversarial network (GAN) was trained to generate novel candidate antifungal
peptide sequences. Next, in silico antifungal and hemolytic classifiers were built to further
prioritize Al-generated peptides for experimental validation. From a pool of ~10,000 candidates,
thirteen peptides were selected for testing over two-stages of experimentation. Five peptides
were found to display mild antifungal activity against the wheat pathogen, Fusarium

graminearum, with minimal inhibitory concentrations (MICs) ranging from 250 pg/mL to 500



Generative adversarial networks (GANSs)

Generated Data Discriminator Real Data

O . FAKE REAL — __ _ [eow=gis 8

As training progresses, the generator gets closer to producing output that can fool the
discriminator:

10 .—— FAKE  REAL — ==l prige

Finally, if generator training goes well, the discriminator gets worse at telling the difference
between real and fake. It starts to classify fake data as real, and its accuracy decreases.
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Consists of two parts:

* Generator: creates
candidate peptides

* Discriminator: tries to
determine if the peptide is
real

Common failure: mode
collapse

* Authors add an encoder to
mitigate this



Diffusion models

Diffusion models are trained to
progressively turn random noise into e ———
meaningful output. Cvne e

Artificial intelligence using a latent diffusion model en-
ables the generation of diverse and potent antimicro-
bial peptides
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Forward Diffusion Process > Adv Sci (Weinh). 2025 May;12(20):2412926. doi: 10.1002/advs.202412926. Epub 2025 Apr 15.

CPL-Diff: A Diffusion Model for De Novo Design of
Functional Peptide Sequences with Fixed Length
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Fung-Al pipeline

Broad
Peptide Novel antifungal Hemolytic Biophysical property Down-selected
Generator Candidate classifiers classifier considerations Candidate AFPs
AFPs
Charge i LL
AFP Non-hemolytic ! % Hydrophob|c|ty AFP-like .

R |
(e

Non-AFP

l  Isoelectric Point k
Predicted Structure

Hemolytic Not AFP-like



Peptide
Generator

Novel
Candidate
AFPs
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Generated peptide pool

Predicted to be antifungal

9994 GAN generated AFPs
A .

Bk
oy

Predicted to be non-hemolytic

v Representative cluster members |
v Final down-selection



Antifungal classification

Temporal Convolutional Network One-HotEncoding
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Not Antdungal
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Biophysical/Toxicity Filtering

E |
10N B ! 2
1000 = y L] Non-Hemolytic
: B Hemoiytic
8 |
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Clustering and Novelty

9994 GAN generated AFPs

)

v Predicted to be antifungal

Predicted to be non-hemolytic

Representative cluster members

\{3,‘?’ Final down-selection

UMAP 2

# Generated Sequences

(Total: 78)
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Structural and biophysical characterization of prioritized AFPs.
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Peptide 27 Peptide 50 Peptide 40 Peptide 63 Peptide 23
GYGTTFIAPPGGLRGALPQFS KRRWPPKPVFSPNAAAYKCNP KILKRQRLLLGGLLKYLAGK GLVLIKAARAGNLLKR KAALKPKFTGAVTAFGLPQ
i : Fraction
Peptide ID A Sequence Isoelgctnc 1 Hydrophobic

ID Point Charge AAs
40 17 KILKRQRLLLGGLLKYLAGK 11.22 5.76 0.5
50 13 KRRWPPKPVFSPNAAAYKCNP 10.46 4.75 0.33
27 3 GYGTTFIAPPGGLRGALPQFS 8.75 0.76 0.38
63 19 GLVLIKAARAGNLLKR 12 3.76 0.56
23 20 KAALKPKFTGAVTAFGLPQ 10.3 2.76 0.47
12 17 QLLRPLFTKLLGGLSKILKKF 11.33 4.76 0.48
17 17 RLLQALLNNLRKKLKGLLSRLS 12 5.76 0.45
48 17 KKTYTKLKKLNGAIKYLVGHA 10.22 5.84 0.43
65 17 KAKLRQAVLLKKLLAGVKSSL 11.39 5.76 0.52
20 17 RLKKLWWKTCLLKGLCTLKA 10.21 5.74 0.45
29 17 GLRHYARVKLKLALLNLNKSC 10.46 4.83 0.48
44 17 KLAKLLALRLKSLVFGLRYRT 11.74 5.76 0.57
54 17 KAIPLLLRRRSIVLLLRGFGV 12 4.76 0.57




From in silico prediction to experimental validation

Peptide 12 Peptide 17 Peptide 20 Peptide 65 Positive Control ~ Negative Control
Crude Crude Crude Crude (Amphotericin B) (H20)
: [AmB]
[Peptide] (ug/ml)
(pg/ml)
500 100 -o- Peptide 48
+ Peptide 40
250 g P )
125 4 g v Peptide 17
> 50 -# Peptide 12
2 T g
62.5 § 4+ Peptide 65
1 —
31.25 a
0.5
15.625 ’
0.25 I | T T T 1
78125 . 0.1 1 10 100 1000 10000
0 Concentration (ug/mL)
0
Peptide ID Eequesce F pramisasruse S erevialse G aildcand £, #evis T:'EEI: 4?"1
L CLLRFLFTELLGGL GKILE KN e = b L o G Hhn
I R LOALL RS LR KL G LL G LS L] Lo =520 200 as ns TR
] ELKRORLLLGGLLEYLAGK e % 50 wB i ¥5 5 (1L
L KHTY TELEELR AR YL V3 Lk e L =500 WT e
.11 MAKLROAVLKE]LLAGNRESEL L] =5 504 =B a2 0T
amifl R 1 (T} a4 (a1 A Y

*MIC value determingd on bath crude purity and >95% purity peplide.
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Predicted secondary structures of high-potency low-cytotoxicity AFPs

A Peptide 48
- KKTYTKLKKLNGAIKYLVGHA

B Peptide 65
- KAKLRQAVLLKKLLAGVKSSL

~AAANY)

B Very high (pIDDT > 90)
Confident (70 < pIDDT < 90)
Low (50 < pIDDT < 70)

Very low (pIDDT < 50)




* Authors created a semi-automated pipeline that uses GAN to
design novel antifungal peptide sequences.

* Experimental validation showed that five peptides inhibited
a wheat pathogen, and four of them were also effective against a
human pathogen.

* Peptides 48 and 65 were the most promising candidates identified

due to combined antifungal efficiency and low cytotoxicity
to human liver cells.



Strengths and weaknesses

Generation of an Al/ML
pipeline with very limited data
for training.

Successfully were able to
synthesize and experimentally
test selected peptides

Very limited biophysical
characterization of the
synthesized peptides.
No mechanism of action
characterization of the peptides.
Lack of clarity for rationale
behind the parameters used to
select peptides.



Future directions

* Characterize the mechanisms of action of the peptides they
Identified.

* Test peptides from other clusters on human pathogens of
Interest, not just cluster 17.

* Develop specialized classifiers for identification of peptide
candidates that are effective against multi-drug resistant
pathogens.

* Optimization of found peptides to increase efficiency.
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