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Abstract:  

Generative artificial intelligence (AI) offers a powerful avenue for peptide design, yet this 
process remains challenging due to the vast sequence space, complex structure–activity 
relationships, and the need to balance antimicrobial potency with low toxicity. Traditional 
approaches often rely on trial-and-error screening and fail to efficiently navigate the immense 
diversity of potential sequences. Here, we introduce AMP-Diffusion, a novel latent diffusion 
model fine-tuned on antimicrobial peptide (AMP) sequences using embeddings from protein 
language models. By systematically exploring sequence space, AMP-Diffusion enables the rapid 
discovery of promising antibiotic candidates. We generated 50,000 candidate sequences, which 
were subsequently filtered and ranked using our APEX predictor model. From these, 46 top 
candidates were synthesized and experimentally validated. The resulting AMP-Diffusion 
peptides demonstrated broad-spectrum antibacterial activity, targeting clinically relevant 
pathogens—including multidrug-resistant strains—while exhibiting low cytotoxicity in human 
cell assays. Mechanistic studies revealed bacterial killing via membrane permeabilization and 
depolarization, and the peptides showed favorable physicochemical profiles. In preclinical 
mouse models of infection, lead peptides effectively reduced bacterial burdens, displaying 
efficacy comparable to polymyxin B and levofloxacin, with no detectable adverse effects. This 
study highlights the potential of AMP-Diffusion as a robust generative platform for designing 
novel antibiotics and bioactive peptides, offering a promising strategy to address the escalating 
challenge of antimicrobial resistance. 
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Introduction 

The field of generative artificial intelligence (AI) has experienced significant advancements, 
with denoising diffusion models emerging as effective tools for diverse tasks in computer vision, 
natural language processing, and more recently, protein design1. By progressively denoising data 
from a Gaussian noise distribution back to the original signal, diffusion models enable the 
exploration of innovative strategies for designing proteins with specific structural and functional 
characteristics.  

In protein design, diffusion-based approaches such as RFDiffusion have successfully engineered 
protein monomers, binders, and symmetric oligomers, leveraging their ability to explore vast 
conformational spaces2. Similarly, graph-based diffusion models have enabled progress in 
specialized areas such as antibody design and protein-ligand docking3,4. By leveraging graph 
representations of protein structures and interactions, these models refine and optimize 
molecular configurations, leading to antibodies with improved binding affinities or ligands 
displaying enhanced docking properties.  

Alongside diffusion-based methods, protein language models (pLMs) have emerged as powerful 
tools for protein sequence analysis and design. Models such as ESM-25, ProtT56, and others are 
pre-trained on large-scale datasets comprising millions of natural protein sequences. Through 
transformer architectures, they capture fundamental physicochemical and functional properties 
directly from the sequences. This capability extends to de novo protein design, where pLMs can 
generate entirely new sequences that retain functionality and bioactivity. For example, 
ProtGPT27 and ProGen8 are pre-trained in an autoregressive manner, while EvoDiff employs 
diffusion to support both de novo sequence generation and scaffolding9. 

Antimicrobial peptides (AMPs) offer a promising alternative to conventional antibiotics due to 
their multifaceted mechanisms of action, including membrane disruption, metabolic inhibition, 
and immune modulation10–12. This versatility makes them potent candidates for countering 
antimicrobial resistance (AMR)13–15. Despite their potential, AMP discovery remains 
challenging. Machine learning (ML) and deep learning (DL) have become indispensable tools in 
AMP discovery and generation, accelerating research by identifying functional patterns in large 
datasets16–26. 

Given the rising threat of AMR, we hypothesized that integrating representation and generative 
language modeling would facilitate robust AMP generation, enabling precise control over 
peptide properties. In this work, we introduce AMP-Diffusion, a latent diffusion model 
developed to generate functionally potent AMP sequences by applying Gaussian noise over the 
pre-trained ESM-2-650M embedding space6,27. We provide extensive ground-truth experimental 
validation of AMP-Diffusion-generated peptides by evaluating their structure, mechanism of 
action, cytotoxicity, and efficacy in animal infection models. 

 

Results and Discussion 

Computational framework 

We developed AMP-Diffusion, a latent space diffusion model designed for antimicrobial 
peptide (AMP) generation27. The model generates new functional AMPs by applying a diffusion 
process in the latent space of ESM-2 embeddings, progressively adding and then removing noise 
to generate novel peptide sequences. AMP-Diffusion was trained on a compiled dataset of 
AMPs from DRAMP 3.028, APD329 and DBAASP30 databases (Dataset S1). 

Our evaluation shows that AMP-Diffusion-generated peptides closely match experimentally 
validated AMPs in terms of pseudo-perplexity and amino acid residue diversity. These 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 1, 2025. ; https://doi.org/10.1101/2025.01.31.636003doi: bioRxiv preprint 

https://doi.org/10.1101/2025.01.31.636003
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
 

generated sequences also display physicochemical properties comparable to those of naturally 
occurring AMPs, suggesting their biological plausibility and potential for empirical validation27. 
Model derivation and details can be found in Chen, et al.27 For this study, we hypothesized that 
our pre-trained AMP-Diffusion model would enable the generation of functionally potent 
AMPs. 

From an initial set of 50,000 AMP candidates (Dataset S2), we selected 46 peptides for 
experimental validation based on three criteria: high predicted antimicrobial activity, low 
similarity to existing AMPs, and broad sequence diversity (Fig. 1a, see Computational 
Filtering in the Methods section for the peptide selection criteria details). The MIC distribution 
of our generated sequences was comparable to the training set, indicating the model’s ability to 
recapitulate the MIC profile of training AMPs (Fig. 1b and S1). To assess the naturalness of the 
generated peptides, we employed ProGen2, a protein language model trained on millions of 
natural protein sequences. Naturalness was quantified using Perplexity scores, where lower 
values indicate greater naturalness. Our generated sequences exhibited perplexity values (17.90; 
Filtered 15.83) similar to those of the training set (17.93, two sided Mann-Whitney U-test P-
value: 0.0357) (Fig. 1c), suggesting that AMP-Diffusion produces peptides with a degree of 
naturalness comparable to naturally occurring AMPs. 

Composition and physicochemical features of the predicted peptides 

The generated AMP library closely resembled the training set in amino acid composition, 
indicating that our model successfully captured the compositional characteristics of known 
AMPs (Fig. 1d). Interestingly, the filtered subset of generated sequences exhibited a distinct 
pattern, with notably higher frequencies of lysine (K), leucine (L), and arginine (R). These 
residues are known to be important for initial electrostatic interactions (K and R) with negatively 
charged bacterial membranes and for amphiphilicity (K, L, and R), which facilitates effective 
lipid membrane interactions 11,31,32. Thus, enrichment in cationic and aliphatic residues directly 
influences the physicochemical features of the AMP-Diffusion-predicted peptides (Fig. 1e), 
making the filtered set slightly more amphiphilic and highly charged, with enhanced structure 
tendencies and increased antimicrobial activity.  

In vitro antimicrobial activity 

To validate our model’s predictive accuracy, we synthesized and experimentally tested 46 
peptide sequences. Selection for synthesis was guided by predicted antimicrobial activity and 
sequence diversity, ensuring broad representation of the generated peptide space (see APEX 
Model and Computational Filtering in the Methods section). 

Thirty five (76%) out of 46 synthesized peptides were active against at least one of the 11 
clinically relevant bacterial pathogens tested, including members of the ESKAPEE pathogen 
list1 (Fig. 2a). Most peptides exhibited broad-spectrum activity, with A. baumannii ATCC 
19606 and vancomycin-resistant E. faecium ATCC 700221 emerging as the most susceptible 
strains. 

Secondary structure 

AMPs often adopt an α-helical conformation upon interaction with bacterial membranes11. This 
structural transition is influenced by amphipathicity, net charge, hydrophobicity, and peptide 
length. To assess secondary structure under various biochemical environments, we tested each 
peptide in water (extracellular environment), a helix-inducing medium (trifluoroethanol in 
water, 3:2, v/v), a β-inducing medium (methanol in water, 1:1, v/v), and a micelle solution (10 
mmol L�¹ SDS) simulating lipid bilayer interactions. 
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Consistent with their high lysine (K), leucine (L), and arginine (R) content and in line with 
known AMPs, the peptides underwent a helix-coil transition. They adopted α-helical 
conformations in helix-inducing medium and lipid bilayer environments, while remaining 
unstructured in water and methanol/water mixtures (Fig. 2b-e and Fig. S2).  

Mechanism of action 

The bacterial membrane is a common target for most known AMPs due to their non-specific 
interactions with the lipid bilayer11. The antimicrobial activity of AMPs is influenced by their 
amino acid composition, distribution, and physicochemical characteristics such as 
amphiphilicity and hydrophobicity.  

To interrogate the bactericidal mechanism, we first tested whether they permeabilized the outer 
membrane of A. baumannii using 1-(N-phenylamino)naphthalene (NPN) assays. NPN fluoresces 
more intensely in lipidic than in aqueous environments, allowing the assessment of membrane 
integrity. All tested peptides were at least as active as polymyxin B and levofloxacin (antibiotic 
controls). The peptides AMP-diff2-1, -13, -32, -33, and -38 showed particularly high levels of 
outer membrane permeabilization (Fig. 2f and S3a). These results indicate that the peptides are 
more effective at permeabilizing bacterial membranes than many previously reported AMPs and 
encrypted peptides (EPs) derived from human proteins, extinct organisms, or bacterial 
metagenomes16,18,26,34. Outer membrane permeabilization is the most common mechanism of 
action described for AMPs.  

Next, we evaluated whether the peptides depolarized the cytoplasmic membrane of A. 
baumannii. Using the potentiometric fluorophore DiSC3-5, which fluoresces upon membrane 
depolarization, we found that the peptides caused stronger depolarization than polymyxin B and 
levofloxacin. Their activity was comparable to EPs known for their potent depolarizer 
properties18. AMP-diff2-13, 30, 32, 33, and 42 were the most potent depolarizers (Fig. 2g and 
S3b).  

Cytotoxicity assays  

All 46 synthesized peptides were tested for cytotoxic activity against human embryonic kidney 
(HEK293T) cells, a well-characterized line commonly used for toxicity31,36,38. Among these, 34 
displayed no significant cytotoxicity at the tested concentrations (8-128 μmol L-1). Cytotoxicity 
was detected for 12 peptides, and only 6 showed cytotoxicity at concentrations below 64 μmol 
L-1 (the maximum concentration tested in bacterial inhibition assays). These findings reinforce 
the overall excellent safety profiles of this novel peptide class. The CC50 (peptide dose leading to 
50% cytotoxicity) was estimated by non-linear regression (Fig. 2h).  

Anti-infective efficacy in an animal model 

To assess whether the active peptides had anti-infective efficacy in vivo, we used preclinical 
mouse model of skin abscess infection40,42,44–46. Two of the peptides, AMP-diff2-16 and 43, with 
high activity against A. baumannii ATCC 19606 (MIC in vitro of 1 μmol L-1) were tested at a 
single dose at 10-times MIC concentration (10 μmol L-1) after infection was established.  

In this model, mice were infected subcutaneously with A. baumannii cells (Fig. 2i). A single 
dose of each peptide was administered directly to the infected area. After two days, both 
peptides markedly reduced the bacterial load by 1.5 orders of magnitude (Fig. 4b). After four 
days, bacterial counts had decreased by 2–2.5 orders of magnitude, comparable to reductions 
achieved by widely used antibiotics polymyxin B and levofloxacin4,8, which were used as 
antimicrobial controls (Fig. 2j). No weight changes, skin damage, or other adverse effects were 
observed in treated mice (Fig. 2k). 
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These substantial in vivo results highlight the potential of AMP-Diffusion–generated peptides as 
effective anti-infective agents, on par with standard-of-care antibiotics under physiologically 
relevant conditions.   

 

Limitations of the study 

The current version of AMP-Diffusion is based on the original Denoising Diffusion Probabilistic 
Models (DDPM) framework1, which has not been optimized for generation quality and 
computational efficiency compared to more recent methods like Elucidated Diffusion Models 
(EDM33 and EDM235). In addition, AMP-Diffusion operates as an unconditional diffusion 
model, lacking conditional guidance mechanisms. Future work may explore training a dedicated 
classifier for noised sequences to guide generation based on inhibitory activity or, alternatively, 
using classifier-free guidance with pathogen-specific embeddings to produce peptides tailored 
for particular bacterial strains. Finally, we believe that novel discrete diffusion architectures, 
such as Masked Discrete Diffusion (MDLM) and Discrete Denoising Posterior Prediction 
(DDPP), will be apt architectural candidates for a next-generation AMP-Diffusion model37,39,41. 
Incorporating these innovations could yield a next-generation framework that further refines 
peptide design for enhanced antimicrobial efficacy and safety. 
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Figures: 

 
Figure 1. (a) Generation and filtration process: 50,000 sequences were generated from random 
Gaussian noise using the AMP-Diffusion model27. Generated Embedding Matrix M is decoded 
into sequence via ESM2-650M Language Model Head. All sequences underwent MIC 
prediction for 11 species using the APEX model. A filtered set of 46 peptides was constructed 
based on average MIC values and sequence identity criteria. (b) Distribution of average 
Minimum Inhibitory Concentration (MIC) values across filtered, generated, and training sets, 
presented as a bar plot. (c) Comparison of perplexity (PPL) scores among the three groups 
(filtered, generated, and training sets), visualized as a bar plot. (d) Amino acid distribution 
profiles for the filtered, generated, and training sets. (e) Distribution of key physicochemical 
features across the three groups.  
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Figure 2. Antimicrobial activity, secondary structure, mechanism of action, cytotoxicity 
and anti-infective activity in a murine infection model of the peptides generated with 
AMP-Diffusion. (a) Heat map of the antimicrobial activities (μmol L-1) of the synthesized 
peptides against 11 clinically relevant pathogens, including four strains resistant to conventional 
antibiotics. Briefly, 106 bacterial cells and serially diluted peptides (1-64 μmol L-1) were 
incubated at 37 °C. One day post-treatment, the optical density at 600 nm was measured in a 
microplate reader to evaluate bacterial growth in the presence of the peptides. MIC values in the 
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heat map are the mode of the three replicates in each condition. (b-e) Ternary plots showing the 
percentage of secondary structure for each peptide (at 50 μmol L-1) in four different solvents: (b) 
water, 60% (c) trifluoroethanol (TFE) in water, (d) Sodium dodecyl sulfate (SDS, 10 mmol L-1) 
in water, and (e) 50% methanol (MeOH) in water. Secondary structure fractions were calculated 
using the BeStSel server47. Red dots indicate active peptides, while blue dots represent inactive 
peptides (see also Fig. S2). (f-g)To assess whether the peptides act on bacterial membranes, all 
active peptides against A. baumannii ATCC 19606 were subjected to outer membrane 
permeabilization and cytoplasmic membrane depolarization assays. The fluorescent probe 1-(N-
phenylamino)naphthalene (NPN) was used to assess membrane permeabilization (f) induced by 
the tested peptides. The fluorescent probe 3,3′-dipropylthiadicarbocyanine iodide (DiSC3-5) was 
used to evaluate membrane depolarization (g) caused by the peptides. The values displayed 
represent the relative fluorescence of both probes, with non-linear fitting compared to the 
baseline of the untreated control (buffer + bacteria + fluorescent dye) and benchmarked against 
the antibiotics polymyxin B and levofloxacin (see also Fig. S3). (h) Cytotoxic concentrations 
leading to 50% cell lysis (CC50) were determined by interpolating the dose-response data using a 
non-linear regression curve. All experiments were performed in three independent replicates. (i) 
Schematic of the skin abscess mouse model used to assess selected peptides (n�=�6) for 
activity against A. baumannii ATCC 19606. (j) The peptides AMP-diff2-16 and 43, 
administered at 10 μmol L-1 in a single dose, significantly inhibited bacterial proliferation for up 
to four days post-treatment compared to the untreated control group. Both peptides reduced the 
infection to a level comparable with the antibiotic controls polymyxin B and levofloxacin. (k) 
Mouse weight was monitored throughout the duration of the skin abscess model (4 days total) to 
assess potential toxicity from bacterial load or peptide treatment. Statistical significance in j was 
determined using one-way ANOVA followed by Dunnett’s test; p values are shown in the 
graph. Figure panel i was created with BioRender.com.  
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Methods 

AMP-Diffusion 

AMP-Diffusion is a latent space diffusion model designed for generating antimicrobial peptides 
(AMPs) following DDPM framework. It leverages the state-of-the-art ESM-2 protein language 
model to map peptide sequences into a continuous latent space, where Gaussian noise is 
systematically added during the forward process. The model then trains a denoiser to reconstruct 
the original latent embeddings from the noised inputs, minimizing the l2 loss between predicted 
and original latent embeddings. For generation, the reverse process starts with Gaussian noise 
and iteratively denoises it to produce samples resembling the original data distribution. The 
denoising architecture employs pre-trained ESM-2-8M attention blocks integrated with 
positional time embeddings and a multilayer perceptron (MLP) for final processing. For the 
purposes of this project, we retrained the model on a clean and expanded dataset (size = 19,670 
peptides, Dataset S1) from DRAMP, DBAASP and APD3 using Exponential Moving Average. 
All other parameters and methodologies remained consistent with the original model 
architecture. For a comprehensive understanding of the technical details, it is encouraged to 
refer to the original research. 

APEX Model 

We utilized APEX18, a bacterial strain-specific antimicrobial activity predictor for peptide 
sequences to rank and select the generated peptides (https://gitlab.com/machine-biology-group-
public/apex-pathogen). As APEX predicts antimicrobial activities against eleven pathogen 
strains, we used the mean prediction (minimum inhibitory concentration, MIC) to sort the 
peptides obtained by AMP-Diffusion. Top-scored peptides that were not filtered out by our 
diversity and similarity criteria (see Computational Filtering section) were selected for 
synthesis and validation. 

Computational Filtering 

To ensure that the selected sequences for validation were (a) showing high antimicrobial 
activities, (b) sufficiently distinct from known AMPs and (c) covered a diverse sequence space, 
we applied three filtering criteria to the generated peptide sequences: (1) the generated peptides 
must have mean MIC ≤ 64 μmol L-1. (2) similarity to known AMPs, where we calculated 
sequence similarity for each generated peptide using local sequence alignment18 against a 
curated set of AMPs from DRAMP 3.028, DBAASP30, and APD329, along with peptides from 
our inventory. Peptides with a sequence similarity > 0.60 to any known AMP were considered 
too similar and were excluded from further analysis. (3) diversity of remaining peptides, in 
which, for the remaining peptides, we performed pairwise sequence similarity comparisons. 
When two peptides had a sequence similarity > 0.40, we retained only the one with the lower 
predicted mean MIC, as estimated by APEX18. 

ProGen2 and Perplexity 

ProGen2 is a suite of protein language models developed for protein sequence generation and 
understanding. The model is based on the autoregressive language model. ProGen2 comes in 
various sizes, ranging from 151 million to 6.4 billion parameters, allowing for different 
computational requirements and applications. The models use a standard transformer decoder 
with left-to-right causal masking and incorporate rotary positional encodings. ProGen2 was 
trained on a mixture of protein sequences from diverse sources including UniRef90, UniProtKB, 
and BFD30. This diverse training data allows ProGen2 to learn patterns and relationships across 
a wide range of protein families and structures. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 1, 2025. ; https://doi.org/10.1101/2025.01.31.636003doi: bioRxiv preprint 

https://doi.org/10.1101/2025.01.31.636003
http://creativecommons.org/licenses/by-nc-nd/4.0/


 
 

Perplexity measures how well a probabilistic model predicts a sample and is commonly used in 
language models, including protein language models, to evaluate sequence quality. The 
perplexity is defined as the exponential of the average negative log-likelihood per token. 

PPL � exp�� 1N�log P �x��
�

���

� 

where N is the number of tokens, and P(xi) is the predicted probability of the i-th token. Lower 
perplexity indicates better model confidence. For protein language models like ProGen2, 
perplexity is associated with the model's ability to capture the distribution of observed 
evolutionary sequences. In our study, we utilized the ProGen2-medium for scoring. Lower 
perplexity suggests a higher likelihood of the model producing valid and biologically relevant 
protein structures, reflecting its capability to generate novel, viable protein sequences and 
predict protein fitness without additional fine-tuning. 

Physicochemical Features 

Generated peptides from AMP-Diffusion were compared with natural AMPs (the training data). 
The physicochemical properties, including Normalized Hydrophobic Moment, Normalized 
Hydrophobicity, Net Charge, Isoelectric Point, Penetration Depth, Tilt Angle, Disordered 
Conformation Propensity, Linear Moment, Propensity to in vitro Aggregation, Angle Subtended 
by the Hydrophobic Residues, Amphiphilicity Index, and Propensity to PPII coil, were 
calculated using the DBAASP server30. 

Peptide Synthesis 

All peptides for the experiments were obtained from AAPPTec and synthesized using solid-
phase peptide synthesis with the Fmoc strategy. 

Minimal inhibitory concentration assays 

Broth microdilution assays43 were performed to determine the minimum inhibitory 
concentration (MIC) of each peptide. Peptides were first added to untreated polystyrene 96-well 
microtiter plates and then serially diluted two-fold in sterile water, with final concentrations 
ranging from 1 to 64 μmol L-1. A bacterial inoculum, prepared at a density of 106 CFU mL-1 in 
LB medium, was mixed with the peptide solutions at a 1:1 ratio. Following a 24-hour incubation 
at 37 °C, the MIC was defined as the lowest peptide concentration that completely inhibited 
bacterial growth. Each assay was conducted in triplicate across three independent experiments. 

Circular dichroism experiments 

Circular dichroism (CD) experiments were carried out using a J1500 circular dichroism 
spectropolarimeter (Jasco) at the Biological Chemistry Resource Center (BCRC) of the 
University of Pennsylvania. Measurements were conducted at 25 °C, with spectra representing 
the average of three accumulations. A quartz cuvette with a 1.0 mm optical path length was 
used, and data were collected from 260 to 190 nm at a scanning rate of 50 nm min-1 with a 
bandwidth of 0.5 nm. Peptides were tested at a concentration of 50 μmol L-1 in four different 
solvent conditions: water, a 3:2 trifluoroethanol (TFE)/water mixture, 10 mmol L-1 sodium 
dodecyl sulfate (SDS) in water, and a 1:1 methanol (MeOH)/water mixture, with corresponding 
baselines recorded prior to measurement. A Fourier transform filter was applied to reduce 
background noise. Secondary structure fractions were determined using the BeStSel47 single 
spectra analysis tool. Ternary plots were generated using https://www.ternaryplot.com/ and 
subsequently modified for visualization. 

Outer membrane permeabilization assays 
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The N-phenyl-1-naphthylamine (NPN) uptake assay was employed to assess the ability of 
peptides to permeabilize the bacterial outer membrane. Cultures of A. baumannii ATCC 19606 
were grown to an optical density at 600 nm (OD600) of 0.4, centrifuged at 10,000 rpm for 10 
minutes at 4 °C, washed, and resuspended in 5 mmol L-1 HEPES buffer (pH 7.4) supplemented 
with 5 mmol L-1 glucose. The bacterial suspension (100 μL) was added to a white 96-well plate, 
followed by the addition of 4 μL of NPN at a final concentration of 0.5 mmol L�¹. Peptides 
diluted in water were subsequently added to each well, and fluorescence measurements were 
recorded over 45 minutes at an excitation wavelength (λex) of 350 nm and an emission 
wavelength (λem) of 420 nm. Relative fluorescence was calculated using an untreated control 
(buffer + bacteria + fluorescent dye) as the baseline, with the percentage difference between the 
baseline and sample values determined using the following equation: 

���������� 
��������� 
  
100 � ������������������� � ��������������	
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Cytoplasmic membrane depolarization assays 

The cytoplasmic membrane depolarization assay utilized the membrane potential-sensitive dye 
3,3 ′ -dipropylthiadicarbocyanine iodide (DiSC3-5) to evaluate peptide activity. Mid-
logarithmic phase cultures of A. baumannii ATCC 19606 were washed and resuspended in 
HEPES buffer (pH 7.2) containing 20 mmol L-1 glucose and 0.1 mol L-1 KCl at a concentration 
of 0.05 OD600 mL-1. DiSC3-5 was added to the bacterial suspension at a final concentration of 20 
μmol L-1 and incubated for 15 minutes to allow stabilization of fluorescence, indicating dye 
incorporation into the bacterial membrane. Peptides were then mixed with the bacterial 
suspension at a 1:1 ratio to achieve final concentrations equivalent to their MIC values. 
Membrane depolarization was monitored by measuring fluorescence changes (λex = 622 nm, λem 
= 670 nm) over 60 minutes. Relative fluorescence was calculated using an untreated control 
(buffer + bacteria + dye) as the baseline, and the percentage difference between the baseline and 
the sample was determined using the following equation: 
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Eukaryotic cell culture conditions and cytotoxicity assays 

HEK293T cells were obtained from the American Type Culture Collection (CRL-3216). The 
cells were cultured in high-glucose Dulbecco’s modified Eagle’s medium supplemented with 
1% penicillin and streptomycin (antibiotics) and 10% fetal bovine serum and grown at 37�°C in 
a humidified atmosphere containing 5% CO2. 

One day before the experiment, an aliquot of 100�μL of the cells at 50,000�cells per mL was 
seeded into each well of the cell-treated 96-well plates used in the experiment (that is, 5,000 
cells per well). The attached HEK293T cells were then exposed to increasing concentrations of 
the peptides (8–128�μmol�L-1) for 24�h. After the incubation period, we performed the 3-
(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide tetrazolium reduction assay (MTT 
assay). The MTT reagent was dissolved at 0.5�mg�mL-1 in medium without phenol red and 
was used to replace cell culture supernatants containing the peptides (100�μL per well), and the 
samples were incubated for 4�h at 37�°C in a humidified atmosphere containing 5% CO2 
yielding the insoluble formazan salt. The resulting salts were then resuspended in hydrochloric 
acid (0.04�mol�L-1) in anhydrous isopropanol and quantified by spectrophotometric 
measurements of absorbance at 570�nm. All assays were done as three biological replicates. 

Skin abscess infection mouse model 
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Six-week-old female CD-1 mice were anesthetized, and their backs were shaved. The area was 
then wiped with ethanol to eliminate any endogenous bacteria prior to creating a surface 
abrasion using a scalpel. An aliquot of A. baumannii ATCC 19606 (106 CFU mL-1; 20 μL), 
grown to an optical density of 0.5 at 600 nm in LB medium and washed twice with sterile PBS 
(pH 7.4) by centrifugation (5,000 ×g for 3 minutes), was applied to the scratched region. 
Peptides, polymyxin B or levofloxacin, each diluted to the 10×MIC, was administered to the 
wound site 2 hours post-infection. Two and four days after the infection, the animals were 
euthanized, and the infected skin was excised. The tissues were homogenized using a bead 
beater at 25 Hz for 20 minutes. The samples were then serially diluted 10-fold and plated on 
MacConkey agar plates for colony-forming unit (CFU) quantification. Six mice per group were 
included in the study. All procedures were approved by the University Laboratory Animal 
Resources (ULAR) at the University of Pennsylvania (Protocol 806763). 
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