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Intracellular bacterial infections pose a significant challenge to current therapeutic strategies due to the limited
penetration of antibiotics through host cell membranes. This study presents a novel computational framework for
efficiently screening candidate peptides against these infections. The proposed strategy comprehensively eval-
uates the essential properties for the clinical application of candidate peptides, including antimicrobial activity,
permeation efficiency, and biocompatibility, while also taking into account the speed and reliability of the
screening process. A combination of multiple Al-based activity prediction models allows for a thorough
assessment of sequences in the cell-penetrating peptides (CPPs) database and quickly identifies candidate pep-
tides with target properties. On this basis, the CPP microscopic dynamics research system was constructed.
Exploration of the mechanism of action at the atomic level provides strong support for the discovery of promising
candidate peptides. Promising candidates are subsequently validated through in vitro and in vivo experiments.
Finally, Crot-1 was rapidly identified from the CPPsite 2.0 database. Crot-1 effectively eradicated intracellular
MRSA, demonstrating significantly greater efficacy than vancomycin. Moreover, it exhibited no apparent cyto-
toxicity to host cells, highlighting its potential for clinical application. This work offers a promising new avenue

for developing novel antimicrobial materials to combat intracellular bacterial infections.

1. Introduction

Bacterial infections present a formidable threat to public health [1].
Compared to extracellular bacteria, intracellular bacteria are more
challenging to eliminate. Pathogens such as Mycobacterium, Brucella,
Shigella, Staphylococcus aureus, Listeria, and Salmonella can infiltrate and
persist within mammalian host cells, particularly macrophages [2,3]. By
exploiting the host cell barrier, these pathogens evade antibiotic treat-
ment and immune system attacks [4]. Worse still, their *Trojan horse’
strategy facilitates secondary infections, triggering chronic conditions
such as tuberculosis, endocarditis, and sepsis [5]. Currently, the primary
clinical treatment strategy for intracellular bacterial infections revolves
around the long-term administration of high-dose antibiotics [6].
However, the insufficient delivery efficiency of antibiotics into host cells
significantly weakens treatment effectiveness and causes severe adverse
drug reactions, further jeopardizing patient health and adding to the
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economic burden [7]. Therefore, it is imperative to develop novel
antimicrobial agents with efficient membrane penetration, strong anti-
bacterial activity, and excellent biocompatibility to combat the threats
posed by intracellular bacterial infections.

Cell-penetrating peptides (CPPs) are short peptides capable of
penetrating cell membranes or tissue barriers. They can serve as carriers
to assist various cargoes, including small molecule drugs, peptides,
proteins, and nucleic acids, into cells, while demonstrating good
biocompatibility [8-10]. The outstanding drug delivery efficiency of
CPPs provides significant advantages in treating intracellular bacterial
infections. For instance, the vancomycin-CPP conjugate VPP-G enhances
intracellular antibiotic accumulation and improves pathogen eradica-
tion [11]. Chmielewski’s team achieved synergistic inhibition of intra-
cellular bacteria by conjugating CPPs with kanamycin through a
redox-sensitive mechanism [12]. Conjugates of antimicrobial peptides
(AMPs) P317 and P3L7 with cationic CPP (R6) have been shown to
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eliminate intracellular bacteria and have lower drug resistance [13].
Despite these advances, peptide-drug conjugates face significant trans-
lational challenges due to their complex synthesis, instability, and high
production costs [14]. It is worth noting that CPPs share similar physi-
cochemical characteristics with AMPs, including sequence length,
cationic quantity, and amphipathicity [15]. Furthermore, some CPPs
have been used to eradicate bacterial biofilm [16,17]. These overlapping
characteristics suggest that CPPs may have antimicrobial activities that
remain underexplored. To facilitate the development of CPPs, Gautam
et al. constructed CPPsite 2.0, the most comprehensive CPP database to
date, containing 1850 peptide entries [18]. This resource provides a
foundation for identifying peptides with dual membrane-penetrating
and antimicrobial functionalities. Leveraging this database to screen
for peptides with antibacterial activity and biocompatibility holds
promise for addressing the limitations of existing therapies, thereby
providing a stable, cost-effective alternative against intracellular bac-
terial infections.

Recent advances in computational approaches have revolutionized
many fields, including antibacterial drug development [19-22]. Ma-
chine learning (ML) can numerically represent compounds using mo-
lecular descriptors and fingerprints, enabling it to capture or explain
complex structure-activity relationships from extensive drug activity
data. This allows for the rapid prediction of key pharmacological
properties, such as activity, toxicity, and stability, providing a powerful
data-driven approach for designing novel antibacterial drugs [23-25].
Seminal work by Stokes et al. exemplifies this paradigm: a graph neural
network screened 107 million compounds in silico, discovering halicin, a
structurally novel antibiotic effective against multidrug-resistant
Mycobacterium tuberculosis and carbapenem-resistant Enterobacteriaceae
[26]. Similarly, empowered by ML, Fuente-Nunez et al. efficiently
identified nearly one million novel antimicrobial peptides from the
global microbial macrogenomic database [27]. Beyond ML models,
physics-driven molecular dynamics (MD) simulations can study the
motion state and dynamic evolution of particles at the atomic level,
providing high-precision spatiotemporal analysis of the interactions
between antimicrobial peptides and phospholipid membranes [28-32].
For instance, Cao et al. revealed the mechanism by which cyclization
modification (c[RsW4V]) improves antimicrobial activity by enhancing
peptide-membrane interactions through all-atom MD simulations com-
bined with experimental validation [33]. Given the multidimensional
challenges in developing drugs against intracellular bacteria—including
efficient penetration of host cell membranes, maintaining intracellular
activity and stability, and achieving precise differentiation between
pathogenic and host targets—an integrated computational approach is
essential. ML enables the rapid and accurate prediction of key biological
properties such as antimicrobial activity and toxicity, facilitating the
identification of lead compounds with both efficacy and safety within
vast chemical libraries, thereby addressing challenges at the activity
level. Meanwhile, MD simulations provide atomic-level dynamic in-
sights into drug-pathogen membrane interactions and assess drug af-
finity for host targets, thereby enabling selective targeting through
mechanistic validation. Integrating ML with MD simulations offers a
cross-scale computational framework, enhancing the efficiency and
precision of anti-intracellular bacterial drug development.

In response to the challenge of intracellular bacterial resistance to
conventional antibiotics, we propose a new computational strategy to
efficiently screen promising antimicrobial peptides targeting intracel-
lular infections. To achieve this purpose, it is essential to balance the
antimicrobial activity and cytotoxicity of candidate peptides while also
considering the speed and accuracy of the screening process. Hence, we
wisely selected cell-penetrating peptides as the research object and
cleverly introduced Al-based models to mine their antibacterial activity
and biocompatibility. This ensures that the identified peptides possess
the target activity while also granting faster screening speed. Next, MD
simulations were performed on the candidate peptides and phospholipid
membrane models, and a comprehensive evaluation system for peptide-
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membrane interactions was successfully constructed to accurately assess
the antibacterial activity and hemolytic effect of the peptides at the
atomic level. Finally, in vitro and in vivo experiments were conducted to
comprehensively validate the bioactivity of the target peptides. In
summary, this new strategy is expected to rapidly and effectively screen
candidate peptides against intracellular bacteria, providing valuable
insights for the treatment of intracellular bacterial infections.

2. Material and methods
2.1. Design and methodology of the screening strategy

The intelligent design of promising anti-intracellular bacterial pep-
tides was realized through the following stages: First, we aim to balance
the activity and toxicity of candidate peptides. Two Al-based models,
AMP_model and Hemolysis_model were constructed; the former ensures
the antibacterial activity of the target peptides, while the latter focuses
on biocompatibility. The CPPsite 2.0 is efficiently screened by two
models in succession, resulting in the rapid identification of peptides
with cell-penetrating, antimicrobial, and biocompatibility. Subse-
quently, to ensure the precision and accuracy of the screening results, a
comprehensive evaluation system for peptide-membrane interactions
was constructed via multi-scale MD simulations. a) All-atom MD simu-
lations (100 ns): Assessed peptide-membrane affinity by analyzing the
behavior of a single peptide molecule in different membrane systems
(POPE/POPG and POPCQ). b) Steered MD simulations (500 ns): Evaluated
host cell penetration efficiency by calculating the free energy barrier for
candidate peptides crossing the POPC membrane. c) Coarse-grained
(CG) MD simulations (2 ps): Elucidated concentration-dependent
membrane disruption mechanisms at extended spatiotemporal scales.
This hierarchical framework achieved precise characterization of
membrane penetration efficiency, antibacterial activity, and hemolytic
risk. Finally, comprehensive validation of the biological activity of the
target peptide was conducted through in vitro and in vivo experiments.
Based on these processes, we aim to efficiently screen promising drug
candidates for treating intracellular bacterial infections (Fig. 1).

2.2. Artificial intelligence-driven rapid screening of candidate peptides

2.2.1. Dataset curation

AMPs dataset: A total of 24,214 AMP sequences were initially ob-
tained from three public databases: APD3 [34], DBAASP [35], and
DRAMP [36]. Since peptides with fewer than three amino acids exhibit
poor antibacterial activity and stability, and those with more than 50
amino acids account for less than 5.0 % of the dataset, we selected
peptides within the length range of 3-50 amino acids. Peptides con-
taining non-standard amino acids (B, J, O, U, X, Z) and D-amino acids
were removed. The 80 % threshold was used to filter the dataset to
reduce homology bias and redundancy, and 7981 active antimicrobial
peptide sequences remained.

non-AMPs dataset: Since there is no dedicated non-AMPs database,
we followed previous studies to obtain the non-AMPs dataset from
UniProt [37]. We applied a filter to select entries with a subcellular
location of “cytoplasm” and removed any entry matching the following
keywords: antibacterial, antibiotic, antiviral, antifungal, antitubercu-
losis, antitoxin, antitumor, anti-MRSA, and anti-endotoxin. Duplicate
sequences were then removed, and only peptides containing fewer than
50 amino acids were retained. Finally, the same pre-processing pro-
cedures as those used for the AMP dataset were applied to reduce ho-
mology bias and redundancy, resulting in a total of 14,753 non-AMP
sequences.

Hemolysis dataset: The antimicrobial peptides recorded in the
DBAASP database include detailed information on their physicochem-
ical properties. Hemolysis labels were assigned based on DBAASP re-
cords [38]. Peptides that exhibit less than 20 % hemolysis at
concentrations higher than 50 pM are defined as non-hemolytic, while
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Fig. 1. Schematic of intelligent design for antimicrobial peptides against intracellular bacteria. Rapid screening of peptides with target activity based on artificial
intelligence models (pink border). Accurate evaluation of peptide-membrane interactions through MD simulations (blue border). Comprehensive validation via in

vitro and in vivo experiments (purple border).

those that cause more than 20 % hemolysis at any concentration are
labeled as hemolytic antimicrobial peptides. Finally, a total of 976
non-hemolytic active peptide sequences and 1066 hemolytic antimi-
crobial peptide sequences were obtained.

Cell-penetrating peptide data was sourced from the CPPsite 2.0
database [18], which contains 1564 peptides. After removing synthetic
peptides, 1517 entries remained. Subsequently, 388 redundant se-
quences were eliminated, resulting in a final dataset of 1149 unique
CPPs.

2.2.2. Molecular representation and machine learning algorithms

In this work, five types of representative molecular descriptors/fin-
gerprints were employed to represent the physicochemical properties
and structural features of peptides because they were proven to have
diverse information types and robust performance [39-41]. A total of
165 peptide descriptors (named PEP) were calculated based on peptide
sequences using the PyBioMed package [42]; 208 2D descriptors (named
RDKit 2D) from RDKit were calculated using SMILES of peptides; Three
types of fingerprints named MACCS, Morgan fingerprints, and PubChem
fingerprints were calculated by CDK software [43]. The detailed infor-
mation and features of these descriptors were summarized in Table S2
and Table S3. Furthermore, for PEP and RDKit 2D descriptor groups, to
reduce noise and remove redundant features, a feature selection process
was implemented as follows: 1) descriptors with zero variance were
removed; 2) randomly remove one of two highly correlated descriptors
(correlation >0.95); 3) recursive feature elimination based on the RF
(Random Forest) algorithm was performed through five-fold cross--
validation (5-CV), retaining the optimal feature subset obtained during
the iterations.

To explore the most suitable machine learning model for anti-
intracellular bacterial peptide mining, seven classical algorithms were
employed, including RF, XGBoost, SVM, ET, LightGBM, CatBoost, and
Gradient Boosting (GB). They were implemented in a customized Python
(3.7.6) environment equipped with scikit-learn (1.0.2), XGBoost (1.6.2),
Catboost (1.1.1), and Lightgbm (3.3.5).

Multiple classification models were built by combining five molec-
ular descriptors with seven ML algorithms, from which the optimal
model was selected. To obtain models with better performance, the
collected sequences were randomly split into training set (80 %) and
independent test set (20 %). A 5-CV process was performed on the
training set to ensure the robustness of the models, while the test set was
reserved for external validation. The optimal model for each endpoint
was obtained by hyperparameter tuning based on the grid search using
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the cross-validated ACC as an optimization metric. The detailed
parameter tuning results and adjustment ranges for each model can be
found in Table S4. The generalization ability of the constructed models
was further evaluated through the test set.

2.2.3. Evaluation metrics

The performance of all models was evaluated using the following
metrics: sensitivity (SE), specificity (SP), accuracy (ACC), area under the
Receiver Operating Characteristic curve (AUC-ROC) value, Fl-score,
and Matthews correlation coefficient (MCC) [40,44,45].

2.3. MD simulations accurately analyze peptide-membrane interactions

2.3.1. Model building

AlphaFold2 was used to obtain the three-dimensional structures of
peptides (Fig. 3A) [46]. Phospholipid bilayer membrane models were
constructed via CHARMM-GUI [47], with POPE/POPG (3:1) represent-
ing bacterial membranes and POPC modeling mammalian cell mem-
branes [48]. In all-atom MD simulations studies, each system contained
220 phospholipid molecules (110 per leaflet) and a single peptide
molecule. The system was solvated with TIP3P water model, and Na*
and Cl™ ions were added to create a 0.15 M physiological salt solution
and neutralize system charges. The peptide was positioned parallel to
the membrane surface, with a 30 A separation between the center of
mass (COM) of the peptide and the COM of the phospholipid membrane.
The protocols for the steered MD simulations and CG MD simulations
were provided in the Supplementary Material.

2.3.2. Simulation parameters

All simulations were performed using the GROMACS 2023.1 soft-
ware package [49]. To evaluate the ability of candidate peptides to
penetrate host cell membranes, an umbrella sampling strategy was used
based on Steered MD simulations to calculate the free energy distribu-
tion of peptides during membrane penetration (Fig. 3B). To further
visualize the membrane perturbations induced by peptides,
coarse-grained molecular dynamics simulations of the interactions be-
tween multiple peptide molecules and phospholipid membranes were
performed. Detailed information on the simulation parameters was
provided in the Supplementary Material.
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2.4. Synthesis and validation

2.4.1. Materials

Bacterial strains: S. aureus (ATCC 29213, ATCC 25723) and E. flavus
(ATCC 700327) and E. faecalis (ATCC 29212) and MRSA (ATCC 43300),
E. coli (ATCC 25922) and K. pneumoniae (ATCC 700603) and
A. baumannii (ATCC 19606, ATCC 19003) and E. cloacae (ATCC 700323)
and P. aeruginosa (ATCC 27853) were acquired from American Type
Culture Collection (ATCC), and the antibacterial experiments were
conducted at Xiangya Hospital of Central South University (Changsha,
China).

Reagents: N, N-Dimethylformamide (DMF) and Dichloromethane
(DCM) were purchased from Aladdin (China). O-Benzotriazole-N, N, N/,
N'-tetramethyluronium-hexafluorophosphate (HBTU) and N, N-Diiso-
propylethylamine (DIEA) were obtained from Bidepharm (China).
Triton X-100 was purchased from Sigma-Aldrich (China). All chemicals
were used as received without further purification.

2.4.2. Peptide synthesis

The peptides mentioned in this study were synthesized via solid-
phase peptide synthesis (SPPS). The Rink amide resin was first reacted
overnight in a 1:1 (v/v) mixture of DMF and DCM, followed by Fmoc (9-
fluorenylmethoxycarbonyl) deprotection using 20 % (v/v) piperidine in
DMF. Amino acid residues were sequentially coupled according to the
target sequence using HBTU and DIEA as coupling reagents under a
nitrogen atmosphere at 25 °C for 30 min per coupling cycle. Peptide-
resin cleavage was performed with 95 % (v/v) trifluoroacetic acid
(TFA), and the crude peptides were precipitated by adding ice-cold
diethyl ether. Crude peptides were purified via reversed-phase high-
performance liquid chromatography (RP-HPLC) and characterized by
high-resolution mass spectrometry (HRMS). The purified peptides were
lyophilized and stored at —20 °C. Analytical RP-HPLC confirmed peptide
purities >98 %.

2.4.3. Fluorescent labeling of Crot-1

To achieve the visualization of the peptide, the cysteine thiol group
on Crot-1 was conjugated with the TPI-PN fluorophore (previously
developed by our group [50]) via a thiol-ene click reaction. Briefly,
Crot-1 (30 mg, 0.02 mmol) was dissolved in 3 mL of HEPES buffer (H50:
DMSO = 1:1, 10 mM, pH = 8.5). A separate solution of TPI-PN (19 mg,
0.03 mmol) in 2 mL of HEPES buffer was added to the reaction mixture,
which was stirred at 25 °C for 10 h. After lyophilization, the crude
product was purified by RP-HPLC (solvent A: 0.1 % trifluoroacetic acid
in Hy0; solvent B: acetonitrile) to afford DT-Crot-1 as a purple solid (14
mg, 29 % yield). HRMS (m/z): calculated for C;26H14gN3001253" [M +
HI*" 801.0291, found 801.0276; [M + 2H]*" 601.0236, found:
601.0236; [M + 3H]°* 481.0202, found: 481.0197.

2.4.4. MIC of extracellular bacteria

The minimum inhibitory concentration (MIC) of Crot-1 against
extracellular bacteria was determined using the broth microdilution
method as described in Clinical and Laboratory Standards Institute
guidelines [51]. Tested strains included: Staphylococcus aureus (ATCC
29213, ATCC 25723), Enterococcus flavus (ATCC 700327), Enterococcus
faecalis (ATCC 29212), MRSA (ATCC 43300), Escherichia coli (ATCC
25922), Klebsiella pneumoniae (ATCC 700603), Acinetobacter baumannii
(ATCC 19606, ATCC 19003), Enterobacter cloacae (ATCC 700323),
Pseudomonas aeruginosa (ATCC 27853), and multidrug-resistant Escher-
ichia coli (MDR E. coli). Bacteria were streaked onto sheep
blood-supplemented LB agar plates and incubated at 37 °C for 24 h.
Single colonies were inoculated into LB broth and cultured at 37 °C with
shaking (180 rpm) for 16 h. The bacterial suspension was diluted to the
initial predetermined concentration (ODgp9p = 1.0) and then diluted
1000 times for antibacterial experiments. Crot-1 was serially diluted in
PBS to generate a 12.8 mM stock solution, which was further diluted in
96-well plates to final concentrations ranging from 128 to 0.5 pM
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(twofold dilutions). Each well contained 100 pL of bacterial suspension
and peptide solution. After 24 h incubation at 37 °C, MIC was defined as
the lowest concentration showing no visible growth. Vancomycin (for
Gram-positive bacteria) and polymyxin B (for Gram-negative bacteria)
served as positive controls. All assays were conducted in triplicate.

2.4.5. Cellular uptake experiment

4T1, HepG2, and RAW 264.7 cells were seeded into 6-well plates at a
density of 5 x 10° cells/well and cultured overnight in a 5 % CO;
incubator at 37 °C. Prior to treatment, the medium was replaced with
fresh complete medium. The cells were then incubated with DT-Crot-1
(10 pM) for 2 h, followed by Hoechst 33342 (1 pg/mL) for 10 min.
Fluorescence imaging was performed using an inverted fluorescence
microscope, and the intracellular distribution of DT-Crot-1 was
analyzed with ImageJ.

2.4.6. Bacterial fluorescence imaging experiment

Staphylococcus aureus, Escherichia coli, and MRSA were grown over-
night in LB broth at 37 °C. Bacteria were harvested by centrifugation
(4000 rpm, 3 min), washed thrice with PBS, and resuspended in DT-
Crot-1 solution (10 pM) for 30 min at 37 °C. Subsequent staining with
Hoechst 33342 (1 pg/mL) was performed for 10 min. After washing with
PBS, samples were mounted on glass slides and imaged using a confocal
laser scanning microscope (CLSM).

2.4.7. Construction of intracellular bacterial infection model

The intracellular bacterial infection model was established as pre-
viously described [52-54]. RAW 264.7 macrophages were seeded into
6-well plates at 1 x 10° cells/mL and incubated for 24 h at 37 °C. MRSA
(ATCC 43300) labeled with DT-Crot-1 (10 pM) was added to the cells at
a multiplicity of infection (MOI) of 10 and co-cultured in DMEM for 2 h.
Extracellular bacteria were eliminated by treatment with gentamicin
(100 pg/mL) for 1 h, followed by nuclear staining with Hoechst 33342
(1 pg/mL) for 10 min. Bacterial localization was visualized using an
inverted fluorescence microscope.

2.4.8. Invitro evaluation of Crot-1 activity against intracellular bacteria

RAW 264.7 macrophages were infected with MRSA at an MOI of 10
for 2 h in DMEM, followed by gentamicin treatment (100 pg/mL, 1 h) to
eradicate extracellular bacteria. After three PBS washes, infected cells
were treated with Crot-1, ceftazidime, or vancomycin (32 pM, 16 pM, 8
pM, 4 pM) in 10 % FBS-supplemented DMEM for 4 h. Cells were washed
three times with PBS, lysed with 0.05 % Triton X-100 to collect the
intracellular bacteria, and the bacteria were divided into two groups: (1)
one portion was stained with Hoechst 33342 (1 pg/mL) and YO-PRO-1
(1 pM) for live/dead staining assays, and (2) the remaining portion
was plated onto LB agar for colony-forming unit (CFU) counting. The
antibacterial activity of Crot-1 against intracellular bacteria was evalu-
ated based on the experimental results.

2.4.9. MTT cytotoxicity assay

Cytotoxicity was assessed using the MTT assay. RAW 264.7 cells
were seeded into 96-well plates (about 5 x 102 cells/well) and cultured
in DMEM supplemented with 10 % FBS for 24 h in an incubator main-
tained at 37 °C with 5 % CO,. Following medium removal, cells were
treated with various concentrations of Crot-1 (100 pL/well in fresh
medium) for 24 h. 100 pL fresh medium containing 10 mL MTT stock
solution (5 mg/mL) was added into each well and incubated at 37 °C for
4 h. After carefully aspirating the supernatant, formazan crystals were
solubilized with 100 pL DMSO per well. Absorbance at 570 nm was
measured using a microplate reader. The cell viability in each group was
compared to the control group without treatment.

2.4.10. Hemolysis assay
Mouse blood was collected via cardiac puncture and diluted 1:10 (v/
v) in PBS. Red blood cells (RBCs) were isolated by centrifugation (1500
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rpm, 5 min) and washed until the supernatant was colorless. RBCs were
incubated with Crot-1 (0.5-128 uM), PBS (negative control), or deion-
ized water (positive control) at 37 °C for 2 h. After centrifugation, he-
moglobin release was quantified by measuring supernatant absorbance
at 540 nm. Hemolysis (%) was calculated as:

. . OD — OD. i
HemOlySlS ratlo(%) _ 540,sample 540,negative

D. 540.positive — OD. 540,negative

Where ODsq0, sampies OD540, positives @nd ODs40, negative T€PTEsent absor-
bances of the test sample, deionized water control, and PBS control,
respectively.

2.4.11. In vivo evaluation of Crot-1 activity against intracellular bacteria

All BALB/c mice were procured from The Medical Experimental
Animal Center of Central South University (Changsha, China). Mice
were randomized into six groups (n = 3 per group), with three groups
used to establish a mouse peritonitis-sepsis model and the remaining
three groups designated for the construction of an intracellular bacterial
subcutaneous infection model [52,54].

MRSA-induced subcutaneous infection model: Mice hair removal was
performed using electric clippers followed by depilatory cream. Mice
were subcutaneously injected with MRSA (5 x 107 CFU/mL, 100 pL).
After 24 h, gentamicin (100 pg/mL) was used to eliminate extracellular
bacteria. The mice were divided into three groups (Control group: PBS;
Van group: 5 mg/kg vancomycin; Crot-1 group: 5 mg/kg Crot-1).
Treatments were administered every 48 h, and body weight and infec-
tion status were monitored throughout the treatment period. On day 10,
the mice were euthanized, and major organs (heart, liver, spleen, lung,
kidney, and infected skin) were harvested and fixed in 10 % formalin for
subsequent paraffin embedding. These paraffin-embedded tissues were
then subjected to H&E staining, and pathological analysis was per-
formed using light microscopy. Abscess tissues were homogenized in 1
mL PBS, serially diluted, and plated on LB agar for CFU counting after
24 h incubation at 37 °C.

Peritonitis-Sepsis Model: BALB/c mice received intraperitoneal injec-
tion of MRSA (1 x 10° CFU/mL, 100 pL). Treatments (5 mg/kg Crot-1,
vancomycin, or PBS) were administered 30 min post-infection. After 12
h, the mice were euthanized and promptly transferred to a sterile
environment. PBS was then slowly injected into the peritoneal cavity of
the mice without damaging the peritoneum. Gently press both sides of
the mouse ribs to fully dissolve the peritoneal cells. Subsequently, the
peritoneal fluid was collected with a syringe and centrifuged at 1000
rpm for 10 min. The cells were then resuspended in 10 % serum-DMEM
medium containing gentamicin (100 pg/mL) and transferred to a 6-well
plate. They were incubated for 2 h at 37 °C and 5 % CO; to eliminate
extracellular MRSA and allow macrophages to adhere to the surface.
Cells were lysed with 0.05 % Triton X-100, and the lysates were plated
on LB agar for CFU determination after 20 h incubation.

2.4.12. Ethics statement

All animal experiments were conducted in accordance with ethical
policies approved by the Animal Ethics Committee of Central South
University, China (Approval No. 2021-XMSB-0147) and strictly adhered
to relevant laws and guidelines reviewed by the Animal Care and Use
Committee of Central South University.

3. Results
3.1. Efficient screening of candidate peptides

Confronting the challenge of intracellular bacterial infections, we
aimed to screen peptides with antibacterial activity from CPPsite 2.0. To
strike a balance between antimicrobial activity and biosafety, additional
post-surveillance workflows were needed. In this section, we combined
various descriptors with ML algorithms to construct classification
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models and selected the optimal models, AMP_model and Hemoly-
sis_model (Fig. 2A and Fig. S2). The AMP_model was established to
screen the peptides with antibacterial activity, while the Hemoly-
sis_ model was employed to assess the biocompatibility of candidate
peptides screened by the AMP_model.

3.1.1. The selection of the optimal model

The training dataset was obtained from the APD3, DBAASP, DRAMP,
and UniProt databases (Table S1). Feature distributions between posi-
tive and negative samples were comparatively analyzed. The kernel
density estimation distributions of ChargeD1100, PolarityD1001,
HydrophobicityD1001, and SolventAccessibilityD1001 in the training
set exhibited similarities (Fig. 2B and Fig. S1), implying the rationality
of dataset partitioning. Model performance was rigorously evaluated
using six complementary metrics: SE, SP, ACC, AUC, F1-score, and MCC.
AUC was selected as the primary performance criterion due to its greater
robustness and global perspective, allowing for a comprehensive
assessment of the model’s performance. The statistical results of AUC
values for each AMP model were provided in Fig. 2D and E, while the
AUC values of Hemolysis models can be found in Fig. 2G and H. Notably,
models incorporating Morgan fingerprints and peptide descriptors
calculated via PyBioMed (PEP) demonstrated superior predictive power,
detailed information on the model’s performance can be found in
Tables S5-S8. After rigorous evaluation of accuracy, sensitivity, and
AUC, the optimal AMP_model was constructed using XGBoost with PEP
descriptors, with a sensitivity of 0.935, accuracy of 0.953, and AUC of
0.990 on the test set (Fig. 2F). This performance aligns with state-of-the-
art AMP predictors [55,56]. For Hemolysis_model, the CatBoost-PEP
model was selected, exhibiting a sensitivity of 0.672, accuracy of
0.721, and AUC of 0.763 on the test set (Fig. 2I). These optimized models
(AMP_model and Hemolysis_model) were subsequently deployed for
downstream screening.

3.1.2. Mining of candidate antimicrobial peptides

The optimal AMP_model was first applied to screen the CPPsite 2.0
database for peptides with antimicrobial activity. This process identified
977 peptides as potential AMPs, with the remaining 172 classified as
non-AMPs. This result is consistent with expectations, as there is a
substantial overlap in physicochemical properties between CPPs and
AMPs [15]. Amino acid composition analysis revealed significant dif-
ferences in the distributions of C, D, E, G, K, and R between AMPs and
non-AMPs (Fig. 2C). Notably, G, K, and R were enriched in AMPs,
aligning with prior studies identifying K and R as critical residues for
antimicrobial function [57,58]. Length distribution analysis further
indicated that AMPs predominantly comprised sequences <15 amino
acids, whereas non-AMPs showed no clear length preference (Fig. S3),
which is consistent with previous studies [59]. Furthermore, the pre-
diction results of AMP_model are consistent with the previously reported
Al models for predicting antimicrobial activity (Table S11) [35,36,56,
59,60]. These results demonstrated that the AMP_model successfully
screened peptides with antibacterial activity from the CPPsite 2.0
database.

Subsequently, to ensure the biocompatibility of the candidate pep-
tides based on antibacterial activity, the 977 AMP candidates underwent
secondary screening via the Hemolysis_model. At this stage, the pre-
diction probabilities were categorized into three tiers: ++- represents
[0-0.40], ++ represents [0.40-0.60], and + represents [0.60-1.00],
where a high probability corresponds to low hemolysis, indicating good
biocompatibility with normal mammalian cells (Table S9). As depicted
in Fig. S3, the length of the peptide correlates with the hemolytic effect,
with longer peptides tending to induce hemolytic effects. Based on the
203 sequences with the highest probability, further screening was car-
ried out following the restrictions: (a) the sequences longer than 10
amino acids were excluded considering the feasibility of synthesis; (b)
AMP_model prediction probability >0.9; and (c) the number of positive
charges ranges from 2 to 7 (Tables S9-S11). This pipeline identified six
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Fig. 2. Construction of the optimal artificial intelligence model. (A) Descriptors and algorithms for model building. (B) Kernel density estimation of AMP_model and
Hemolysis_model training datasets. (C) Amino acid composition distribution of AMP_model screening results. (D) Heatmap of AUC values for AMP classification
models on the training set and (E) on the test set. (F) ROC curves of the AMP_model constructed on PEP descriptors and the XGBoost algorithm. (G) Heatmap of AUC
values for Hemolysis classification models on the training set and (H) on the test set. (I) ROC curves of the Hemolysis_model constructed on PEP descriptors and

CatBoost algorithm. PEP: Peptide descriptors calculated via PyBioMed.

candidate peptides with balanced membrane penetration, antimicrobial
activity, and biocompatibility (Fig. S4, Table S12).

3.2. Precise analysis of peptide-membrane interactions

Through artificial intelligence models, we rapidly identified CPPs
with dual antimicrobial activity and biocompatibility. However, Al-
based screening could not resolve molecular-level details of peptide-
membrane interactions. To address this limitation, we performed MD
simulations on six candidate peptides using two membrane models,
POPC and POPE/POPG (Fig. S5).

3.2.1. Evaluation of membrane permeation efficiency of candidate peptides

Although the six candidate peptides were screened from the CCPs
database, it is necessary to verify their detailed difference in trans-
membrane efficiencies. We employed umbrella sampling to calculate the
potential of mean force (PMF) profiles for peptide translocation across
POPC bilayers. As shown in Fig. 3C, while all PMF curves shared similar
trends, Crot-1 demonstrated the lowest energy barrier of 24.3 kcal
mol !, suggesting superior membrane penetration capability. This
property makes Crot-1 promising for treating intracellular bacterial
infections.
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3.2.2. Comprehensive analysis of antimicrobial activity and hemolytic
effects

To probe the interplay between peptide and membrane, we simu-
lated candidate peptides with both POPC and POPE/POPG membranes
(Table S13). Post 100 ns simulations, interaction analyses revealed
striking differences. Compared with the POPC system, the COM dis-
tances of six candidate peptides and membranes below 3 nm (a
threshold for contact [32]) were more frequent in POPE/POPG systems
(Fig. 3F and G, Fig. S6-57). The same conclusion can be found in Fig. S8.
Compared with the significant RMSD fluctuations observed during
simulations with the POPC model, the structures of the candidate pep-
tides kept stable in the POPE/POPG system, except for Cyt ¢ (5-13).
Notably, Crot-1 maintained an exceptionally low RMSD (0.19 + 0.02
nm), indicating rigid conformational stabilization through strong
membrane interactions. Mass density profiles along the bilayer normal
(z-axis) revealed peptide localization patterns (Fig. 3L). Using the
solvent-membrane interface (z = 2.11 nm) as a reference, the density
distribution of all peptides was located on the right side of the boundary
when simulating POPC membranes, whereas (RW)4, RW9, Crot-1 were
located on the right side in the POPE/POPG system, which is consistent
with the COM distance analysis. The difference in the behavior of Crot-1
in the two membrane systems can be visually observed in Fig. 3M.
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Fig. 3. Accurate evaluation of peptide-membrane interactions through molecular dynamics simulations. (A) Stick structure of candidate peptides. (B) Schematic
diagram of steered molecular dynamics simulations. (C) PMF curve for candidate peptides crossing the POPC membrane. (D) Hydrogen bond count distribution
between peptides and POPC membranes during the equilibrium phase; (E) Corresponding data for POPE/POPG membranes. (F) Peptide-membrane distance dis-
tribution in POPC systems; (G) Corresponding data for POPE/POPG systems. (H) Interaction energy decomposition for POPC systems: electrostatic (Coulomb, orange)
and van der Waals (LJ, purple) components. (I) Interaction energies between peptides and POPE/POPG membranes, electrostatic components (Coulomb, blue), and
van der Waals (LJ, pink). (J) Comparison of the total interaction energy between peptides and membranes, POPC model (green line), and POPE/POPG model (pink
line). (K) Average solvent-accessibility surface area during simulations. POPC model (red line) and POPE/POPG model (blue line). (L) The mass densities of peptides
in the presence of POPC and POPE/POPG. (M) System snapshots of Crot-1 during MD simulations with POPC and POPE/POPG. (The phospholipid membrane is
represented by the sticks model, and the peptide molecules are represented by the spheres model.)
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Solvent-accessible surface area (SASA) provides a quantitative
measure of molecular solvation. As shown in Fig. 3K and Fig. S10,
candidate peptides in POPC systems displayed higher average SASA
values (ASASA ~ 1.5 nmz) compared to POPE/POPG systems. This
reduction in solvent exposure indicates deeper embedding within bac-
terial membranes. Hydrogen bond analyses further characterized
interaction stability. During the equilibrated simulations phase (80-100
ns), the number of hydrogen bonds between peptides and phospholipid
molecules was enumerated (Fig. 3D and E, Fig. S9). POPC systems
exhibited sparse bonding (<15 bonds), whereas POPE/POPG systems
sustained >20 bonds. Strikingly, Crot-1 formed an average of 30
hydrogen bonds in POPE/POPG, underscoring its strong affinity for
bacterial membranes. Energy analysis also confirmed and quantified the
interaction between peptides and membranes. As shown in Fig. 3J, the
total interaction energy between the peptides and POPE/POPG averaged
—50.00 kJ mol?, doubling the magnitude observed in POPC (—25 kJ
mol~1). To better understand the energetics of this interaction, the total
interaction energy was decomposed into electrostatic (Coul) and van der
Waals (LJ) contributions (Fig. 3H and I). It is clear that the Coulomb
interaction is the dominant contributor to the total energy. For instance,
in the POPE/POPG system, the Coulomb interaction of Crot-1 was
—53.20 kJ mol™!, while the van der Waals interaction was —2.63 kJ
mol 1.

These analyses collectively demonstrate that the candidate peptides,
particularly Crot-1, preferentially interact with bacterial membranes
rather than mammalian ones-a critical feature for achieving activity
against intracellular bacteria while preserving host biocompatibility.

3.2.3. CG MD simulations of Crot-1 interacting with phospholipid
membrane

Crot-1 exhibited superior performance in all-atom MD simulations
compared to other candidates. To gain deeper insights into its interac-
tion mechanisms with lipid membranes, we performed CG molecular
dynamics simulations. This approach reduces system degrees of freedom
(Fig. S11), enabling investigations at extended spatiotemporal scales to
capture critical peptide-membrane conformations [61]. Following
all-atom MD protocols, comparative analyses were conducted in both
POPC and POPE/POPG systems, with CG simulations specifically prob-
ing membrane perturbations under varying peptide-to-lipid (P:L) ratios
(Fig. S12). Guided by a previous study [62], CG models of peptides
embedded in lipid bilayers were constructed, and 2 ps CG MD simula-
tions were executed.

The simulations revealed system-dependent aggregation behaviors
(Figs. S13-S16). In the POPE/POPG system, Crot-1 molecules aggre-
gated and stably embedded within the lipid core, with higher peptide
concentrations progressively inducing membrane curvature (Fig. S13).
In contrast, Crot-1 gradually migrated from the membrane interior to
the aqueous phase in POPC systems (Fig. S15). Remarkably, POPC
membranes retained stable planar structures even at a high P:L ratio of
25:536. Detailed analysis of this ratio showed fundamental differences.
Crot-1 formed persistent transmembrane pores in POPE/POPG
(Fig. 4A), facilitating continuous solvent/ion permeation that intensified
over simulation time (Fig. S14), whereas complete peptide dissociation
occurred in POPC bilayers (Fig. 4B, Fig. S16). These behaviors were
corroborated by mass density profiles: Crot-1 maintained stable mem-
brane embedding in POPE/POPG (-2 to +2 nm z-range; Fig. 4C), while
POPC systems showed peptide redistribution to solvent regions (<-1 nm
and >1 nm z-range; Fig. 4F). Phospholipid headgroup density profiles
further indicated that peptide insertion disordered POPE/POPG mem-
branes and reduced their thickness relative to POPC (Fig. 4D and G).

Membrane structural analyses provided molecular-level insights.
The second-rank order parameter (Py) for lipid acyl chains was calcu-
lated based on the angle (0) between consecutive bond vectors and the
bilayer normal [63]. A higher P, value indicates that the constituent
lipids are more ordered. As shown in Fig. 4E and Fig. S17A, bonds near
the lipid headgroups exhibited a higher order than those in tail regions.
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Increasing Crot-1 ratios reduced POPE/POPG lipid order, with oleoyl
acyl and palmitoyl chain P, values decreasing by ~28 % and ~27 %,
respectively, at the highest P:L ratio. Conversely, POPC lipid order
remained unaffected (Fig. 4H, Fig. S17B). Finally, we characterized the
interaction of Crot-1 with both membranes by analyzing the fluctua-
tions in the mean curvature of the membrane surface. Positive mean
curvature indicates valleys (red-colored), whereas negative mean cur-
vature indicates peaks (blue-colored). Fig. 41 reveals that the two pure
membrane systems exhibit a relatively low overall curvature, indicative
of flat membrane surfaces. However, upon co-simulation with Crot-1,
the average curvature of the POPE/POPG membrane increased, with
local values reaching 0.267 A~! and —0.191 A~}, resulting in distinct
"protrusion” and "indentation" regions, consistent with the snapshots
presented. In contrast, the average curvature of POPC membranes
remained largely unchanged in the presence of Crot-1. These results are
consistent with all-atom molecular dynamics simulations, indicating the
specific binding preference of Crot-1 for bacterial cell membranes.

In summary, multi-scale MD simulations indicate that all candidate
peptides exhibit stable interactions with the POPE/POPG membrane,
suggesting their potential antibacterial activity while maintaining good
biocompatibility with host cells. Among them, Crot-1 demonstrates the
lowest transmembrane energy barrier, stable pore formation in POPE/
POPG, and concentration-dependent membrane curvature modulation
while showing minimal interaction with POPC. Based on these compu-
tational insights, Crot-1 was selected for synthesis and further biological
validation through experimental assays.

3.3. Validation of the biological activity of Crot-1

3.3.1. Synthesis strategy and visualization of Crot-1

Crot-1, a derivative of the cationic peptide crotamine from the
venom of Crotalus durissus terrificus [64], the amino acid sequence of
Crot-1 is RWRWKCCKK (Fig. 5A), comprises five basic residues, yielding
a molecular weight of 1293.62 Da (Fig. 5B). Crot-1 was prepared via
SPPS, purified by reversed-phase high-performance liquid chromatog-
raphy (RP-HPLC), and identified using MS (Fig. S18). To track cellular
distribution, Crot-1 was labeled with a near-infrared fluorophore
TPI-PN through a thiol-ene click reaction to afford compound DT-Crot-1
(Fig. S19). The information on structural characterization can be found
in Figs. S20-S21. DT-Crot-1 exhibited absorption/emission maxima at
500/680 nm (Fig. 5C), consistent with free TPI-PN (Fig. S22), confirm-
ing successful labeling.

3.3.2. Crot-1 demonstrates broad-spectrum antibacterial activity

Crot-1’s extracellular antimicrobial activity was evaluated using
microdilution broth assays. MICs against Gram-positive (S. aureus and
MRSA: 64 pM, E. faecalis: 128 pM) and Gram-negative pathogens (E. coli,
K. pneumoniae, A. baumannii) revealed broad-spectrum efficacy
(Table S14).

3.3.3. Rapid cellular internalization of Crot-1

Subsequently, DT-Crot-1 (10 pM) was utilized to evaluate the uptake
efficiency of Crot-1 by cells. As shown in Figs. 5D and 4T1, HepG2, and
RAW 264.7 all exhibited significant uptake of DT-Crot-1. The red
fluorescence was diffusely distributed in the cytoplasm and paired with
the blue fluorescence of Hoechst 33342, indicating the accessibility of
peptides into cells. The experimental results coincide with the conclu-
sions of the MD simulations, further underlining the potential of Crot-1
in combating intracellular bacterial infection.

3.3.4. Crot-1 efficiently eliminates intracellular bacteria in vitro

Inspired by the results of cellular uptake experiments, the intracel-
lular bacterial inhibition effect of Crot-1 was evaluated. Before that, an
imaging-guided method was designed to establish the intracellular
bacterial model. As shown in Fig. 5E, at a concentration of 10 uM, DT-
Crot-1 can fluorescently label E. coli, S. aureus, and MRSA through
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Fig. 5. Visualization of Crot-1. (A) Stick model structure of Crot-1. (B) Physicochemical properties of Crot-1. GRAVY (Grand Average Hydrophilicity) is an indicator
of peptide hydrophilicity. (C) Absorption and emission spectra of DT-Crot-1. (D) Uptake of DT-Crot-1 in 4T1, HepG2, and RAW 264.7 cells, the concentration of DT-
Crot-1 is 10 pM, scale bar: 50 pm. (E) Bacterial labeling experiment of DT-Crot-1, the concentration of DT-Crot-1 is 10 pM, scale bar: 10 pm.

electrostatic attraction without affecting viability. After 2 h of invasion
by DT-Crot-1 labeled MRSA, the cellular morphology of RAW 264.7
cells changed to a polarized state, in which punctate red fluorescence
was detected in the cells through fluorescence microscopy (Fig. S23).
These results showed that the intracellular bacteria model was suc-
cessfully constructed. Then, the intracellular bacterial inhibition
experiment was conducted following the schematic diagram in Fig. 6A.
The results obtained from the plate counting method were illustrated in
Fig. 6B. In comparison to the vancomycin and ceftazidime groups, Crot-
1 exhibited a more significant inhibitory effect on the growth of intra-
cellular bacteria. After treatment with 16 uM Crot-1, the number of
colonies on the agar plate was significantly reduced; when the concen-
tration was increased to 32 pM, only a few colonies could be observed. In
contrast, there was no significant change in the number of colonies in
the vancomycin and ceftazidime groups, which could be attributed to
the forbidden intracellular delivery. Consistent with the results of the
plate counting experiments, the live/dead staining showed that an
obvious green fluorescence signal was observed after treatment with
Crot-1, indicating that the majority of intracellular bacteria had been
killed. In contrast, only a few bacteria were eliminated in the vanco-
mycin group and the cefotaxime group (Fig. 6C). These results demon-
strate that Crot-1 holds greater potency in inhibiting intracellular
bacteria than clinically used antibiotics.

3.3.5. Crot-1 exhibits no obvious toxicity to host cells

MTT assays showed >86 % RAW 264.7 cell viability at 128 pM
(Fig. 6D). As shown in Fig. 6E, no significant hemolysis was observed
within the tested concentration range. At 128 uM concentration, the
hemolysis rate of Crot-1 was measured at 16.23 %, which supported the
earlier prediction of Hemolysis_model.

3.3.6. Crot-1 eradication of intracellular bacteria in vivo

Encouraged by the promising anti-intracellular bacteria effect and
excellent biocompatibility of Crot-1 observed in vitro, we further eval-
uated its therapeutic potential in murine subcutaneous infection and
peritonitis-sepsis models (Fig. 7A). As shown in Fig. 7B, Crot-1 and
vancomycin significantly promoted the healing of the infected site.
Specifically, by day 6, the infected sites of mice treated with Crot-1 and
vancomycin had successfully scabbed, and the abscesses were healed by
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day 8, whereas PBS controls exhibited progressive tissue deterioration.
H&E staining of Crot-1-treated tissues showed minimal cellular damage
and inflammatory infiltration, indicating suppressed inflammation. As a
key method to evaluate the antibacterial effect of Crot-1, we used the
spread plate method to quantitatively evaluate the bacterial load in
abscess tissue. As shown in Fig. 7C and D, bacterial loads at infection
sites were reduced to 10.75 % (Crot-1) and 7.18 % (vancomycin) of the
PBS group. These results demonstrate that Crot-1 has superior proper-
ties against intracellular bacterial infections and can significantly pro-
mote recovery from subcutaneous infected wounds in mice. In
peritonitis-sepsis model. Crot-1 treatment markedly reduced intracel-
lular MRSA burdens within peritoneal macrophages compared to van-
comycin and PBS groups (Fig. 7C and E), highlighting its enhanced
capacity to target intracellular pathogens.

The physiological and pathological studies of the main organs, as
revealed by H&E staining, showed no significant histological changes,
indicating the absence of any apparent organ damage (Fig. 7F). In
addition, the steady increase in body weight observed in infected mice
following treatment suggests minimal adverse effects of Crot-1
(Fig. 7G). Notably, the weight gain in the treated group was significantly
greater than that in the control group. This difference in weight gain
further supports the therapeutic efficacy of Crot-1 in the treatment
group. These in vivo and in vitro experimental results demonstrates that
Crot-1 can effectively eliminate intracellular bacteria while exhibiting
excellent biocompatibility.

4. Discussion

Traditional antibiotics encounter challenges in treating intracellular
pathogens due to limited intracellular delivery efficiency. Herein, we
propose a novel computational strategy for efficiently screening inno-
vative antimicrobial peptides against intracellular bacterial infections.
Differing from other work, this strategy links and balances the screening
efficiency and accuracy of the computational pipeline with the required
target properties. In the pursuit of these advantages, we think there are
several points worth discussing.

Unlike previous studies, our work emphasizes the discovery of
antimicrobial peptides capable of inhibiting intracellular bacteria rather
than merely distinguishing between active and inactive peptides [55,56,
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59,65,66]. This task is more challenging due to the complex physio-
logical environment of intracellular bacterial infections. To address this,
we introduced a comprehensive activity evaluation system into our
strategy. During the screening stage, we utilized two Al models, AMP _-
model and Hemolysis_model, to balance the activity and toxicity of the
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candidate peptides. Although our primary focus is not on model opti-
mization, the models we constructed demonstrate consistent perfor-
mance with previous reports [55,56]. Furthermore, the comprehensive
peptide-membrane interaction evaluation system we developed based
on multi-scale MD simulations was able to accurately evaluate the
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activity of candidate peptides and analyze the mechanism of action of
candidate peptides at the atomic-level. Notably, this work represents the
first attempt at the in silico design of novel drugs for combating intra-
cellular bacterial infections.

The notable differences in the behavior of the candidate peptides
within the two membrane systems caught our attention. The results of
all-atom MD simulations and CG MD simulations consistently showed
that these peptides exhibited more stable interactions with the POPE/
POPG model than with the POPC model. This prompted us to focus on
the structural differences of the phospholipid molecules used to build
the models. As shown in Fig. 524, the head phosphate group of POPG
carries a negative charge, whereas the POPC molecule is neutral, which
results in the differences in surface charge between the two membrane
models [67]. Meanwhile, all candidate peptides contain basic amino
acid residues (lysine and arginine), which become protonated and carry
a positive charge in physiological conditions. Driven by electrostatic
interactions, candidate peptides exhibited a selective affinity for
POPE/POPG membranes. The consistency between theoretical and
simulation results serves as compelling evidence of the strategy’s
rationality.

Crot-1 exhibits superior antimicrobial activity against intracellular
bacteria compared to extracellular bacteria. This difference can be
attributed to the involvement of the immune responses of RAW 264.7
cells. Compounds with a guanidine structure have been proven to inhibit
intracellular bacteria by modulating the immune responses of macro-
phages [5,68]. These molecules activate the immune system to eliminate
pathogens by inducing macrophages to produce nitric oxide (NO). The
arginine residues at positions 2 and 4 in Crot-1 exhibit similar efficacy.
The combination of macrophage immune response and the intrinsic
activity of Crot-1 may be a crucial factor in enhancing its bactericidal
effect. In future studies, we will explore the specific mechanisms by
which Crot-1 modulates the immune response of RAW 264.7 cells.

Although our primary focus was on AMPs with anti-intracellular
bacterial activity, our strategy-combining AI and MD simulations-is
also well-suited for developing new antibacterial drugs that meet clin-
ical needs. AI models can be flexibly constructed based on the charac-
teristics of the target drug, such as specificity, stability, in vivo
bioavailability, and immunomodulatory properties. Similarly, MD sim-
ulations can be reasonably adjusted according to the purpose of the
research. This strategy can also be generalized to identify antibacterial
molecules from various database resources, catering to the customized
needs of researchers. Furthermore, generative models have been applied
to develop antimicrobial molecules with novel structures and remark-
able activities from vast chemical spaces [69,70]. Integrating these
models into our strategy could further expand their clinical applications.

5. Conclusion

To address severe clinical infections caused by intracellular bacteria,
we propose an innovative computational strategy that integrates Al and
MD simulations to efficiently screen antimicrobial peptides against
intracellular bacteria. This represents the first in silico approach
designed specifically for developing novel drugs targeting these chal-
lenging infections. By carefully balancing activity and toxicity, our
strategy addresses the challenges posed by the complex physiological
environment of intracellular infections. Specifically, we employed the
AMP_model and Hemolysis_model, along with multi-scale MD simula-
tions, to ensure the antimicrobial activity and biocompatibility of
candidate peptides from both macroscopic property prediction and
microscopic mechanism analysis. Comprehensive in vitro and in vivo
experiments were conducted to confirm the biological activity of the
target peptides. Using this strategy, we successfully discovered Crot-1
from the CPPsite 2.0 database, identifying a promising therapeutic
candidate against intracellular bacterial infections. This study lays the
foundation for the development of anti-intracellular bacterial peptides,
representing a significant advancement in antimicrobial therapy.
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Moreover, our strategy can be flexibly adjusted according to specific
requirements, offering broad potential for clinical applications.
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