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Abstract

The escalating global threat of antimicrobial resistance (AMR) necessitates innovative
therapeutic platforms beyond conventional antibiotics. Antimicrobial peptides (AMPs)
coordinated with rhenium(I) tricarbonyl complexes ([fac-Re(CO)3]*) represent a promising
class of metallodrugs, merging the rapid membrane-disrupting action of AMPs with the
oxidative stress, intracellular targeting, or theranostic potential of Re(I) centers. Encapsula-
tion of these conjugates into (nano)microgel matrices further improves proteolytic stability,
enables controlled or stimuli-responsive release, and supports localized delivery while
minimizing systemic toxicity. Artificial intelligence (Al), including deep learning, genera-
tive models, and multi-objective optimization, dramatically accelerates every stage—from
de novo AMP sequence design and metal-binding motif engineering to Re coordination
prediction and rational nanogel formulation. This review outlines a proposed framework
in Al-driven AMP discovery, Re-metallopeptide synthesis, nanogel /microgel delivery sys-
tems, and their integrated application. It highlights machine-learning (ML) and generative
approaches for rapid optimization while addressing key challenges such as data scarcity,
scalability, biocompatibility, and in vivo validation. Future directions emphasize closed-
loop, multi-objective Al frameworks for personalized, smart antimicrobial platforms.

Keywords: Al-guided metal-peptide coordination; antimicrobial peptides; rhenium(I)
tricarbonyl complexes; (nano)microgels

1. Introduction

The rapid global rise in AMR represents one of the most pressing threats to public
health, compromising the effectiveness of conventional antibiotics and increasing the bur-
den of difficult-to-treat infections [1]. According to the World Health Organization (WHO),
antimicrobial resistance is expected to become a leading cause of mortality worldwide
if innovative therapeutic strategies are not developed [2]. This challenge is particularly
critical for skin and soft tissue infections [3,4], chronic wounds, and biofilm-associated
infections [5-7], where pathogens often display high resistance to traditional antibiotics
and where topical therapies must maintain strong antimicrobial activity while remaining
stable in complex biological environments [8].
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Among emerging alternatives, AMPs have attracted considerable attention due to
their extensive-spectrum activity [9], rapid bactericidal mechanisms [10], and lower propen-
sity for inducing resistance compared with conventional antibiotics [11]. However, their
clinical translation is still limited by several intrinsic challenges, including susceptibility to
proteolytic degradation, short half-life, and potential cytotoxicity [12]. Recent advances
in metallo-pharmaceutical chemistry have opened new opportunities to overcome these
limitations through the incorporation of transition metals into peptide frameworks [13].
In particular, complexes based on rhenium have shown promising antimicrobial prop-
erties, unique redox behavior, and structural versatility, enabling the development of
metallopeptide systems with enhanced stability and multifunctional activity [14].

In parallel, advances in drug delivery systems—especially nanogel and hydrogel
microcarriers—offer powerful strategies for the localized administration of antimicrobial
agents. Nanogel matrices can protect peptides from enzymatic degradation, enhance reten-
tion at the infection site, and enable controlled release of therapeutic agents [15,16], making
them particularly attractive for topical applications such as wound treatment [17,18]. The
integration of metallopeptides within antibacterial nanogels therefore represents a promis-
ing strategy to combine potent antimicrobial action, metabolic stability, and localized
delivery [19].

At the same time, the complexity of designing optimized antimicrobial peptides,
selecting appropriate metal coordination motifs, and engineering suitable delivery systems
presents significant challenges for traditional trial-and-error approaches. For example,
the conjugation of AMPs with complexes based on rhenium can generate synergistic
antimicrobial systems by combining complementary mechanisms of action. AMPs typically
bind to negatively charged bacterial membranes through electrostatic interactions [20],
while rhenium complexes—particularly rhenium(I) tricarbonyl complexes—can penetrate
microbial cells and interfere with intracellular targets, induce a hypoxia-like effect via CO
release, or generate reactive oxygen species [21-24]. The peptide scaffold can therefore
act both as a targeting and membrane-permeabilizing vector [25], facilitating the delivery
of the rhenium center into bacterial cells, whereas the metal complex enhances metabolic
stability and introduces additional cytotoxic mechanisms. This dual mode of action not
only increases antimicrobial potency but may also reduce the likelihood of resistance
development by simultaneously targeting multiple essential cellular processes.

In this context, artificial intelligence (Al) has emerged as a transformative tool for
accelerating antimicrobial discovery [26]. Machine learning models can analyze large
biological datasets [27], generate optimized peptide sequences [28], predict antimicrobial
activity and toxicity [29], and guide the design of advanced drug delivery systems [30].

This review provides a focused and interdisciplinary perspective on the potential of
Al-driven methodologies for the design and development of metabolically stable antimicro-
bial metallopeptides for topical therapy. Unlike previous reviews addressing Al-assisted
AMP design [31-34], machine-learning-guided Re(I) compound design [35], or Al-guided
drug delivery systems [36—-38] separately, this review brings together these complemen-
tary research areas, with particular emphasis on antimicrobial peptides coordinated to
rhenium complexes and their encapsulation within (nano)microgel carrier. By integrating
perspectives from computational peptide design, metallodrug development, and smart
delivery systems, the review highlights emerging opportunities and current limitations in
this interdisciplinary field. Ultimately, such approaches may contribute to the development
of next-generation antimicrobial therapies capable of addressing the urgent challenge of
antimicrobial resistance while enabling more effective and localized treatment strategies.

https://doi.org/10.3390/gels12110964


https://doi.org/10.3390/gels12110964

Gels 2026, 12, 964

30f26

2. Review Methodology

This paper presents a narrative synthesis of the scientific literature, combining a
conceptual perspective with future research directions and references to relevant studies on
the artificial intelligence (Al)-assisted de novo design of AMPs, identification of Re-binding
motifs and the prediction of coordination with de the metal center, the optimization of
nanogel and microgel formulations, and the balancing of antimicrobial activity, in vivo
toxicity and stability, and release profile.

The literature search was conducted using Google Scholar, Scopus and PubMed.
The search strategies combined relevant keywords using Boolean operators, including
“AND”, “OR”, and “NOT”, to refine the results and identify publications addressing the
interconnected topics covered in this review. Priority was given to articles written in
English and published within the last five years. However, older publications were also
considered when they provided essential background information or addressed aspects
that had been insufficiently explored in more recent studies.

3. Antimicrobial Peptides

AMPs are components of the innate immune system found in a wide range of or-
ganisms (microorganisms, plants, insects, amphibians, and mammals, including humans),
where they play an important role in host defense against microbial infections [39]. In
addition to their physiological role in host defense against pathogens, AMPs exhibit a
broad spectrum of biological activities, including antibacterial and antiviral activity, the
inhibition of biofilm formation, selective targeting of cancer cells, regulation of neuronal ac-
tivity and immune modulation [40]. Moreover, they contribute to the resolution of chronic
inflammation and promote tissue regeneration, including wound healing. For example, the
peptide LL-37 contributes to this process by regulating cell migration, inflammation and
angiogenesis. LL-37 inhibits keratinocyte apoptosis by modulating pathways dependent
on cell apoptosis-inhibiting protein 2 (cIAP-2) and supports neovascularisation through the
production of vascular endothelial growth factor (VEGF) via the hypoxia-inducible factor
1o (HIF-1«x) signalling pathway [41].

The abundance and diversity of AMPs are further reflected in the Antimicrobial
Peptide Database (APD), which contains 6042 peptides, including 3379 naturally occurring
AMPs, 2290 synthetic AMPs, and 373 predicted peptides, identified primarily through
Al-based approaches (accessed October 2026, https://aps.unmc.edu/).

4. Transition Metal Complexes with Antimicrobial Activity

Metallodrugs have been used in medicine since Antiquity, but scientific research
into them began in the 20th century, following the discovery of arsphenamine (Salvarsan,
Compound 606) by Paul Ehrlich and Sahachiro Hata. Until the advent of penicillin, arsenic-
based compounds were the only effective treatment for syphilis, caused by Treponema
pallidum [42]. Their continued relevance is illustrated by bismuth (III) tribromophenate
(Xeroform), which is still used clinically as a topical agent in the treatment of burns and
wounds [43]. Based on these considerations, the field of modern medicinal chemistry for
the treatment of multidrug-resistant (MDR) infections has expanded beyond these metals,
by exploiting the unique properties of complexes based on chromium (Cr), molybdenum
(Mo), manganese (Mn), iron (Fe), rhenium (Re), ruthenium (Ru), osmium (Os), cobalt
(Co), iridium (Ir), platinum (Pt), copper (Cu), gold (Au), silver (Ag), zinc (Zn) and gallium
(Ga) [44—46].

In contrast to free metal ions and metal nanoparticles, organometallic complexes have
a well-defined structure: a metal coordination site around which ligands are arranged
in a precise geometry [47]. They combine multiple oxidation states, controllable ligand
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exchange, catalytic activity, and photophysical and redox properties, whereas their 3D
structure enables selective interactions with biological targets, which are valuable in drug
development [44,48]. Furthermore, the lipophilic nature of these molecules reflects their low
affinity for water and their preference for non-polar structures, enabling them to penetrate
bacterial membranes [49].

Rhenium Tricarbonyl Complexes

The Re(I) core provides a structural platform of interest for the development of new
generations of metalloantibiotics, due to its properties such as biocompatibility, low toxicity,
lipophilicity which ensures transmembrane permeability, thermal stability and specific
electronic characteristics [48]. Rhenium(I) tricarbonyl compounds containing diimine lig-
ands form a class of metal complexes with remarkable biological potential. They have
proved effective against a wide range of targets: bacteria, fungi, malaria-causing para-
sites and tumour cells [21,45]. The Re can be coordinated with various classes of ligands:
pyridines, pyrazoles, dipyrines, thioethers, and phosphines, as well as with functional
groups present in the amino acid residues of peptides (imidazoles, amides, carboxylic
acids and thiols) [50,51]. Among the diimine ligands, those most extensively studied in the
development of complexes with biological applications are the polypyridine ligands, such
as 2,2'-bipyridine (Bipy) and 1,10-phenanthroline (Phen) [52], which largely determine the
degree of hydrophobicity of the complexes. Furthermore, [Re(CO)3]* complexes show
remarkable potential for cellular imaging, owing to their ability to be internalised and to
target intracellular sites. This characteristic allows the integration of fluorescence imag-
ing with radiological in vivo imaging techniques [53]. Table 1 summarizes representative
rhenium-based complexes bearing diverse ligand systems and their reported antimicrobial
activities, highlighting the influence of ligand structure and coordination environment on
their biological properties.

Table 1. Rhenium-based complexes with different ligands and antimicrobial activity.

Ligands Antimicrobial Mode of Action Key Finding Ref.
Spectrum
3-arylcoumarin MSSA, MRSA, DNA interaction; no MIC =700 nM fo.r certa}n
derivatives E. faecium membrane complexes and in vivo efficacy [54]
’ depolarization in Zebrafish models
o MRSA and C. Inhibition of the MIC = 300 nM / mL a.nq invivo
Diimine ligands , . . yeast-to-hypha antimicrobial activity in [45]
albicans co-infection . .
transition zebrafish models

Irradiation at 365 nm

Reactive oxygen significantly reduced the MIC

drug-resistant S. (ROSS%e/Cslierf - values to 0.25-0.5 pg/mL for S.
Bisquinoline aureus, MRSA, and oxveen ene%a tion aureus, 2 ng/mL for MRSA, [49]
E. coli ygen & 4-8 ug/mL for E. coli, <0.125
and intracellular )
accumulation ug/mL for E. coli (1IpxC, tolC),
and 4-8 pg/mL for P. aeruginosa
Pinene-based chiral MSSA and MRSA MIC = 1.6 uM for active [45]

bipyridine

complexes

Rhenium(I) carbonyl complexes have demonstrated antibacterial activity against
Gram-positive bacteria, including methicillin-sensitive Staphylococcus aureus (MSSA) and
methicillin-resistant Staphylococcus aureus (MRSA) [55,56]. However, their efficacy against
Gram-negative bacteria, such as Escherichia coli and Pseudomonas aeruginosa, is often limited
by the lipopolysaccharide-rich outer membrane, which acts as a permeability barrier, and
by active efflux pumps, which expel compounds from bacterial cells, thereby reducing
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their intracellular accumulation and antibacterial activity [14]. The antibacterial activity
of rhenium complexes against Gram-negative bacteria may be enhanced by increasing
bacterial membrane permeability and reducing efflux mechanisms [14]. Furthermore, cer-
tain light-activated complexes generate reactive oxygen species (ROS), which contribute
to bacterial cell damage, while the release of carbon monoxide (CO) from organometal-
lic CO-releasing molecules (CO-RMs) can induce the rapid death of Escherichia coli and
Staphylococcus aureus [49,57]. Another promising approach involves conjugating rhenium
complexes with peptides containing hydrophobic residues, which can destabilize the mem-
branes of Gram-negative bacteria and facilitate intracellular uptake [58]. These strategies
highlight the potential of structural modification and combined mechanisms of action to
improve the antimicrobial efficacy of rhenium complexes, although further studies are
needed to establish their broad-spectrum activity.

5. Transition Metal-AMP Interactions

Early studies on metal-peptide coordination systems focused on Cu(Il) ions, owing to
their ability to interact with the amino-terminal copper and nickel binding motif (ATCUN)—
Figure 1. Essentially, the ATCUN binding site is characterized by a free terminal -NH,
group (position 1), two deprotonated amide nitrogen atoms derived from the peptide
bonds between residues 1-2 and 2-3, and a His residue at position 3, whose imidazole
group participates in coordination [59,60].

AA2 3
O

Figure 1. Structure of the ATCUN metal-binding site [60].

The coordination of AMP with organometallic complexes is of great interest due to
its potential to enhance the antimicrobial effect. For example, PvHCt exhibits pronounced
antimicrobial activity only following coordination with Cu(II) and Zn(Il) ions. A possible
explanation was quantified by analysing the secondary structure, which revealed confor-
mational changes in the a-helical structure [61]. Also, the tetrapeptide HPDK, derived
from a family of salivary mucins (MUC?), exhibits increased antimicrobial activity against
S. sanguinis following coordination with Cu(Il), with the MIC value decreasing from 500
to 125 ug mL~! compared to its free form [62]. Moreover, in the context of developing
advanced therapeutic strategies based on antimicrobial photodynamic therapy (aPDT), the
photoactive [Ru(bpy)s;]** complexes have been studied for conjugation with buforin-II,
allowing the photoactive center to be brought close to bacterial DNA due to the peptide’s
ability to bind to it. Upon irradiation, the complex generates singlet oxygen, promoting
the degradation of bacterial DNA. Consequently, the Ru-buforine-II conjugate exhibited
antibacterial activity approximately 30 times greater than that of free buforine-II [63]. Some
studies have demonstrated the anti-haemolytic effect resulting from the binding of peptides
to metal compounds. The binding of peptides to metal complexes has the potential to limit
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cytolytic activity. For example, melittin, a peptide extracted from bee venom with remark-
able anti-tumor and antimicrobial properties, exhibits high hemolytic activity. Perekalin
and colab demonstrated that, by binding Ru[(CsHs)(naphthalene)]* to the tryptophan
residue in the peptide, the haemolytic activity was 11 times lower (IC5p = 2.5 uM) than that
of the free peptide (IC5¢ = 28.4 uM) [64].

5.1. Rhenium(I) Tricarbonyl—Peptide Conjugates

To the best of our knowledge, the binding of fac-[Re(CO)3] to antimicrobial peptides has
not been reported in the scientific literature. However, the fac-[Re(CO)3] and fac-[Tc(CO)3]
complexes can be used for the labelling of peptides and proteins, with His being the main
site of coordination with the metal centres. The coordination of His with organometal-
lic complexes has been demonstrated even at very low concentrations (10’6 M, 75 °Q).
Following the coordination of the His residues of the peptides with the metal-binding
site, charge-neutral conjugates are obtained, which produce diastereomers. In contrast,
1,2,3-triazole analogues stably coordinate the Re-binding site without the formation of
diastereomers specific to N-o-substituted histidine. In the case of His, the fac-[Re(CO);]*
core can be tridentately coordinated via three donor atoms: the nitrogen atom characteristic
of the amino group (N); the 6 nitrogen atom in the imidazole ring (N9); and O, the oxygen
atom associated with the carboxylate group [50].

The terminal or internal position of the His and Cys donor residues can influence the
accessibility of the imidazole and thiol groups, and subsequently, the geometry, stability,
and efficiency of Re ion coordination through steric and conformational effects that depend
on the peptide sequence. Richard Tavaré and his research team demonstrated that the
CyAcH system (C-terminal sequence H,N-KCKLAAALEHHHHHH-COOH) which con-
tains a His-tag for site-specific [Re(CO)3]* labeling and a single Cys residue for site-specific
covalent modification using maleimide derivates. Their findings suggested that Re-complex
coordination involves three donor sites: the imidazole groups of two His and the Cys thiol
group. The Cys-containing peptide showed a high coordination yield (92%) after 30 min,
compared with the peptide lacking Cys (9%) [65]. Beyond these, the protonation state of
His and Cys (pKa: 6.42 and 8.72-8.76, respectively) residues directly influence the ability of
AMP to bind metal ions, as pH determines the availability of nitrogen and sulfur donor
atoms for coordination. Deprotonation of functional groups, which may be promoted by
metal binding, affects the stability and geometry of metal complexes depending on pH and
peptide sequence [66].

In vivo, fac-[Re(CO)3(H,O)3]* complexes may be continuously exposed to dynamic
ligand-exchange processes involving Cys-rich biomolecules (metallothioneins, thioredoxin,
insulin) [67-69], as well as His-containing proteins (hemoglobin, HRG) [70,71]. These
interactions occur in complex biological environments that also contain cell membranes, ex-
tracellular matrix (ECM), metabolites and intracellular trafficking compartments [72]. More-
over, biological fluids contain competing ligands (H,O, chlorine ions, and thiol-containing
species), which may influence the speciation and stability of Re complexes [73,74].

5.2. Characterization of Re(CO)3/AMP Conjugates

The growing interest in metal-peptide interactions highlights the need for compre-
hensive characterization of the resulting coordination compounds to confirm successful
peptide conjugation, elucidate their molecular structures, and determine how metal iden-
tity, oxidation state, and nature of ligand influence their physicochemical properties and
potential for biomedical applications [75,76].

The main characterization techniques applicable to metal complexes and their peptide
conjugates, together with their respective purposes, are summarized in Table 2.
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Table 2. Overview of analytical techniques used to characterize metal complexes and fac-
[Re(CO)3]/ AMP conjugates.

Characterization Technique Purpose and Expected Information Reference

ESI-MS and HR-MS

Confirmation of molecular mass and proposed conjugate

identity. 77,781

HPLC

Assessment of conjugate stability in aqueous, saline, and
phosphate-buffered solutions;

Evaluation of potential ligand exchange and conjugate
degradation;

Evaluation of susceptibility to biologically relevant
thiol-containing ligands, such as glutathione (GSH);
Assessment of conjugate integrity under biologically relevant
conditions.

[79]

'H and '3C NMR spectroscopy

Structural characterization of the ligands;

Study of biomolecule binding (DNA). (7780811

FT-IR spectroscopy

Identification of characteristic v(CO) stretching bands of the
fac-[Re(CO)3] core (bands between 2040-1880 cm™1);
Assignment of vibrational bands and elucidation of ligand
binding modes.

[77,82,83]

SCXRD

Determines the 3D structure of metal-oligopeptide complexes,
including coordination geometry, metal-ligand bond lengths [84]
and angles, donor atoms, and peptide binding modes.

EXAFS

Investigation of the local coordination environment around

the Re centre, when crystallographic analysis is not feasible. [81,85]

CD

Assessment of AMP secondary structure and conformational
changes upon conjugation; [78,86]
Reveals metal coordination modes and electronic transitions.

UV-VIS spectroscopy

Determination of MLCT transitions to evaluate the theranostic

potential of rhenium complexes;

Evaluation of electronic absorption properties;

In vitro Re-based complexes stability and ligands substitution [80-82,86]
in aqueous bulffers;

An accessible complementary technique for investigating

metal-peptide coordination.

Luminescence spectroscopy

Investigation of emission behavior, quantum yield, and
excited-stated lifetimes;

Evaluation of biomolecules (e.g., BSA) binding by intrinsic
fluorescence quenching.

(80]

6. Nanotechnology-Enabled Delivery of Metal Complexes and AMPs

The encapsulation of metal complexes within nanoparticle carriers and inorganic ma-
trices, such as zeolites and silica nanoparticles, has been reported in the literature [87-90].
The need to encapsulate organometallic complexes for biomedical applications is sup-
ported by their hydrophobic nature, determined by the metal core and the architecture
of the coordinated organic ligands, which affect their pharmacological properties [88].
Furthermore, the biological environment is complex, rich in various competing biological
ligands (water, chlorides and thiols), which facilitates ligand exchange and influences
stability, biodistribution and biological activity [72]. For example, silver complexes with
carbene ligands exhibit significant limitations in systemic delivery due to the presence of
chlorides and sulphur-rich proteins in the bloodstream: upon contact with chloride salts,
they degrade and precipitate as silver chloride, which diminishes antimicrobial activity
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and may prevent them from reaching the site of infection; furthermore, silver reacts with
the sulphhydryl groups of plasma proteins, further contributing to the inactivation of the
complexes [91]. These shortcomings can be overcome by encapsulating them in nanoparti-
cle delivery systems that protect them against biological degradation (under the action of
nucleophilic species, radicals or reducing agents). Furthermore, encapsulation limits the
adverse effects associated with metal complexes by reducing the exposure of host cells and
protects these compounds from recognition and elimination by the immune system [88].
Furthermore, due to the large Stokes shift characteristic of organometallic complexes, their
integration into nanoparticles opens new strategies in the development of bioimaging
probes, as they allow for the control of photophysical properties and interactions with
the biological environment. Encapsulating fluorophores within nanoparticles results in
systems with high brightness, emission in the visible and Near-Infrared Spectroscopy (NIR)
regions, and improved performance in complex biological environments, making them
well-suited for such applications [89].

Beyond organometallic complexes, AMPs are of significant interest for antimicrobial
applications, but their high susceptibility to proteolytic degradation and short half-life must
be considered [92]. Interactions with host cells are limited due to the reduced exposure of
hydrophobic residues, thus helping to minimize the cytotoxic effect [92]. Consequently, the
use of nanoparticles in antibacterial therapy can increase the efficacy of treatment and help
to reduce the development of bacterial resistance [93,94].

(Nano)Microgels as Delivery Systems for Antimicrobial Agents

(Nano)microgels are polymeric delivery systems characterized by a cross-linked, three-
dimensional architecture that enables them to absorb large volumes of water or biological
fluids without losing their structural integrity [95]. Their networks are typically composed
of hydrophilic polymers that swell in aqueous environments rather than dissolve [96]. This
behavior is attributed to the presence of polar functional groups, such as hydroxyl (-OH),
carboxyl (-COOH), amide (-CONH-), and sulfonic acid (-SO3H) groups, within the polymer
network [97]. Combined with their tunable chemical composition and network architecture,
these properties enable structural and physicochemical changes in response to various
stimuli [98]. These changes may include contraction and relaxation of the polymer network
in response to external stimuli (magnetic fields, light exposure), or variations in the local
microenvironment (pH and temperature variations, redox conditions, bacterial enzyme
activity, ionic strength) [98]. These characteristics provide opportunities to regulate the
release of encapsulated therapeutic agents in response to specific environmental conditions,
including those encountered at infection sites [99].

The incorporation of AMPs [100], Re(CO)3; complexes [87,89,90], or conjugates of these
compounds into (nano)microgel matrices can be achieved through several approaches,
depending on the nature of the therapeutic agent and the polymer system used. These
approaches include encapsulation during self-assembly processes (e.g., nanoprecipitation),
post-synthetic loading into preformed polymer networks, and covalent attachment to poly-
mer chains [96]. Another strategy involves the spontaneous formation of (nano)microgel
structures through non-covalent interactions between AMPs and polyelectrolytes [101].
The efficiency of peptide incorporation and complex formation is governed by several pa-
rameters, including the net charge of the AMPs, their molecular weight, the relative concen-
trations of the interacting components, the pH, and the ionic strength of the medium [102].

Compared with macroscopic gel structures, (nano)microgels offer distinct advan-
tages arising from their small size and compliant polymeric architecture [98]. Their nano-
/microscale dimensions may facilitate interactions with cells and promote cellular inter-
nalization, while their deformability enables different modes of interaction with biological
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environments compared with more rigid nanocarriers (liposomes, polymeric nanoparticles,
micelles) [103]. Furthermore, their interfacial properties and capacity for structural deforma-
tion may reduce non-specific protein adsorption and facilitate transport through various bi-
ological barriers and environments, including mucus layers and bacterial biofilms [104,105].
These characteristics support the potential application of (nano)microgels in the targeted
delivery of antimicrobial agents for the treatment of biofilm-associated infections.

The use of (bio)degradable biopolymers (chitosan, pullulan, dextran, hyaluronic acid,
alginate, and gelatin) further expands their applicability, as these materials may undergo
degradation under appropriate biological conditions [106,107].

From a drug delivery perspective, (nano)microgels represent a versatile platform
for developing antimicrobial formulations when nano-/microscale transport, controlled
release [108], cellular uptake [109], or improved access to bacterial biofilms [105] is required.
However, their therapeutic performance depends largely on the physicochemical compati-
bility between the polymer matrix and the encapsulated antimicrobial agents, as well as on
the ability of the cross-linked network to maintain its structural integrity and functional
properties under physiological conditions and within the infection microenvironment [110].

7. Artificial Intelligence in the Design of AMP-Re(CO)3; (Nano)Microgels

The development of AMPs systems conjugated with [Re(CO)3]* fragments and formu-
lated as (nano)microgels requires the integration of sequence engineering, coordination
chemistry, and advanced formulation strategies. In this context, Al, especially deep learn-
ing (DL), provides a powerful framework for accelerating the discovery and optimization
of such multifunctional systems, allowing for a reduction in experimental workload and
an improvement in success rates at specific stages, as illustrated by the multidisciplinary
workflow in Figure 2.

Al-Driven Peptide Design Coordination prediction Synthesis planning

Al Docking &

—|Sequence generator

100 FKRWLKIF
,=., AI \ll ——+ 101 — . WLRKVYQ
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Figure 2. Al-assisted integrated workflow as illustrated in recent Al-driven platforms. Structure
obtained from PDB (PDB ID: 2N1C, 5V5S, 2CD1, 9KRT) and CCDC (CCDC ID: 2184719).
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Thus, Al-assisted integrated workflow includes the design and optimization of AMP-
Re(CO); (nano)microgel systems. Also, generative artificial intelligence models design
novel AMP sequences enriched with His/Cys metal-binding motifs. Machine learning
and quantum-informed docking predict optimal coordination geometries with the fac-
[Re(CO)3]* core. Computer-aided synthesis planning guides efficient conjugation prepara-
tion, followed by Al-optimized formulation into stimuli-responsive nanogels or microgels.
The resulting systems enable targeted, sustained antimicrobial delivery with synergistic
membrane disruption and Re-mediated oxidative stress, ultimately supporting advanced
applications in wound healing and combating multidrug-resistant infections.

In the following, specific steps and the corresponding literature, which contributed
and ensured the success in design and optimization of AMP-Re(CO); (nano)microgel
systems, will be briefly presented.

7.1. Sequence Design and Optimization

The integration of artificial intelligence (AI) and machine learning (ML) framework
models represents a highly promising in the field of antimicrobial metallogels. While
implementing advanced generative models—such as Generative Adversarial Networks
(GANs)—and ML frameworks could drastically accelerate the autonomous design of
next-generation metallogels, enabling the virtual screening of rhenium complex precur-
sors and the precise prediction of both gelation kinetics and antimicrobial efficacy before
laboratory synthesis.

These architectures enable accurate prediction of key properties, including antimicro-
bial activity, toxicity (e.g., hemolysis), stability, and physicochemical characteristics (charge,
hydrophobicity, amphipathicity). For example, AI4AMP achieves approximately 90% pre-
cision in AMP classification, while AMPIify (a BILSTM model with attention mechanism)
effectively identifies novel AMP candidates directly from genomic and metagenomic data.

Generative architectures such as variational autoencoders, generative adversarial
networks, and transformer-based protein language models can be conditioned to enrich
histidine- and cysteine-containing motifs, facilitating coordination with the fac-[Re(CO);]*
core while preserving amphiphilicity and cationic charge essential for antimicrobial activity.
Multi-objective optimization approaches, including reinforcement learning and Pareto-
based strategies, allow the simultaneous tuning of antimicrobial potency, selectivity against
specific pathogens, and reduced cytotoxicity toward mammalian cells [111-115].

Beyond classification, modern Al systems enable the generative design of new peptides
using advanced strategies such as variational autoencoders (VAEs), generative adversarial
networks (GANSs), diffusion models, and reinforcement learning (RL)-guided generation.
These models learn the underlying probability distribution of known AMP sequences
and can generate novel candidates de novo. Notably, generative latent diffusion models
(e.g., AMP-Diffusion) can produce thousands of candidate sequences with simultaneously
optimized hydrophobicity, net charge, and metal-binding motifs, frequently achieving
minimum inhibitory concentrations (MICs) comparable to vancomycin while maintain-
ing low toxicity. Other deep generative networks, such as CLaSS, together with protein
language models, can generate minimalist sequences (e.g., YI12 and FK13) that exhibit
broad-spectrum antimicrobial activity. Furthermore, machine learning (ML) models trained
on comprehensive databases such as APD3 and APD6 can accurately predict activity
against specific pathogens as well as metal-binding affinity [31,116-118].

Recent Al frameworks have advanced multi-objective optimization, enabling the si-
multaneous optimization of multiple conflicting goals, including antimicrobial potency
against specific pathogens, toxicity (hemolysis and cytotoxicity), proteolytic stability, solu-
bility, and structural constraints. For instance, RL-aligned diffusion models can enhance
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AMP activity while significantly reducing toxicity scores. Similarly, multi-agent systems
such as MAC-AMP optimize complex trade-offs between antimicrobial activity, toxicity,
and sequence novelty within a closed-loop optimization process [119-121].

Thus, Al-driven deep learning models, trained on curated AMP databases, can gener-
ate de novo peptide sequences enriched with rhenium-binding motifs (His- and Cys-rich
regions) while simultaneously optimizing for high antimicrobial potency against target
pathogens and low mammalian cell toxicity.

Figure 3 presents the generative Al-driven design of antimicrobial peptides optimized
for rhenium coordination and comprises (A) a schematic representation of generative
models (latent diffusion, GANs, and multi-agent reinforcement learning) used for de novo
AMP sequence generation, (B) examples of designed sequences highlighting amphipathic
helices and enriched His/Cys motifs suitable for fac-[Re(CO)3]* coordination, and (C) the
possible conjugation site of AMP-Re(CO);. All panels are intended for illustrative purposes
and do not represent original computational results generated by the authors. A summary
of recent advances in peptide sequence design and optimisation is provided in Table 3.
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Figure 3. Schematic illustration of the proposed generative Al-driven design of antimicrobial peptides
optimized for rhenium coordination, involving generative models such as latent diffusion and multi-
agent reinforcement learning systems. Structural references: PDB (ID: 2N1C) and CCDC (ID: 2184719).

Table 3. Selected references on molecular docking, binding-site prediction, and generative molecular
design for in silico activity and toxicity assessment.

Key Contribution Reference
An accurate computational method for AMP prediction by the random forest algorithm based
L SO ) . : [122]
on the distribution patterns of amino acid properties along the sequence.
Highlighting ML and DL to transform AMP discovery from a slow wet-lab process into a rapid, [123]

in silico screening and design workflow.
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Table 3. Cont.

Key Contribution

Reference

The review examines the fundamental aspects of current deep generative models for designing
therapeutic peptide sequences.

[124]

A generative LSTM recurrent neural network for combinatorial de novo peptide design is
presented. The results show the ability of LSTM RNNs to construct new amino acid sequences.

[125]

Seminal work using deep neural networks to discover new antibiotics (e.g., halicin) from large
chemical libraries.

[126]

Early successful application of ML to design AMPs with broad-spectrum activity against
superbugs.

[127]

Pioneering one-shot learning method for low-data regimes in drug discovery (part of
DeepChem framework).

[128]

Several deep learning models predict AMP activity or small-molecule antimicrobial potency
using neural networks trained on peptide sequence or molecular descriptor data, enabling
virtual screening and design of new antimicrobial candidates.

[129]

The deep learning approach learns complex, nonlinear patterns between genomic variation
(single nucleotide polymorphisms, mobile genetic elements, gene presence/absence) and
experimentally measured resistance profiles, enabling prediction of susceptibility or resistance
for multiple antibiotics from a single isolate’s genome.

[130]

Post hoc contrastive explanation methods are applied to highlight structural motifs that drive
toxicity predictions, improving interpretability for drug discovery workflows. The framework
shows that pretrained SMILES embeddings plus multitask learning markedly improves clinical
toxicity predictions compared with standard molecular fingerprints, while also reducing the
need for large in vivo datasets.

[131]

7.2. Molecular Docking and Coordination Geometry Prediction

The fac-[Re(CO)3]* core typically adopts an octahedral geometry, with three facial

carbonyl (CO) ligands occupying one face and three additional coordination sites available

for donor atoms from the peptide. In AMP-based systems, coordination is most com-

monly achieved through histidine (His) imidazole nitrogen (N) donors, cysteine (Cys)

thiolate sulfur (S) donors (strong binding, redox-sensitive), methionine (Met) thioether

sulfur donors (weaker but stabilizing), and backbone amide or terminal amine/carboxylate

groups (secondary contributions). Effective AMP-Re(CO)3 conjugates therefore require

localized donor-rich regions (particularly His/Cys clusters), appropriate spatial arrange-

ment to enable stable chelation (mono-, bi-, or tridentate motifs), and compatibility with

the amphiphilic structure essential for antimicrobial activity. Accurate prediction of coordi-

nation modes between AMPs and the Re(CO); fragment is critical for ensuring complex

stability and biological function. Molecular docking methods, complemented by quantum

mechanical calculations such as density functional theory (DFT), allow evaluation of pre-

ferred binding sites (e.g., His imidazole nitrogen or Cys thiolate sulfur) and coordination

geometries. Recent advances in machine learning-enhanced scoring functions have further

improved prediction accuracy for metal-ligand interactions, enabling efficient screening of

peptide candidates with favorable coordination environments, as illustrated in Figure 4.
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Figure 4. Coordination chemistry of the fac-[Re(CO)3]" core with antimicrobial peptides showing pre-
ferred histidine and cysteine coordination modes. (A) Proposed structure of the fac-[Re(CO)3(H,O)3]*
precursor and coordination of peptides. (B) Possible coordination modes with peptides: histidine
imidazole nitrogen (N), cysteine thiolate sulfur (S), and tridentate. (C) Representative molecular
model of an AMP-Re(CO)3 conjugate showing bacterial membrane-targeting amphipathic region.
(D) DFT-calculated relative binding energies for the proposed coordination geometries [132,133].

Al-augmented docking and hybrid quantum-informed models can predict binding
modes between AMPs and fac-[Re(CO)3]* complexes, while addressing key coordination ge-
ometry constraints. These include preferred coordination sites (histidine imidazole nitrogen
or cysteine thiolate sulfur), chelation patterns (mono-, bi-, or tridentate), steric accessibility,
and the effects of peptide folding. Classical docking programs such as AutoDock3 and
GOLD can be effectively complemented by DFT calculations for accurate metal-ligand
interaction energies or by machine learning scoring functions trained on metalloprotein
complexes. This step is essential to ensure that designed sequences form stable and geo-
metrically compatible Re(I) complexes [134,135].

Although most current models are not explicitly trained for metal coordination, they
can be adapted for metal-binding-aware design through feature engineering, enrichment
of His, Cys, and Met residues, incorporation of specific motif constraints (e.g., Cys—Xp;—Cys
or His clusters), or inclusion of coordination-related descriptors (charge, donor atoms, and
geometry). Multi-task learning approaches further enable the simultaneous prediction of
antimicrobial activity, toxicity, and metal-binding propensity.

Transfer learning, achieved by fine-tuning protein language models on metalloprotein
and peptide-metal interaction datasets, is particularly effective for designing rhenium-
binding motifs with enriched His/Cys content. This strategy facilitates the generation of
hybrid sequences that combine amphiphilic antimicrobial domains with suitable coordina-
tion sites for rhenium complexation. Consequently, machine learning-accelerated docking
algorithms and neural network potentials can rapidly simulate and rank the stability of
fac-[Re(CO)3]* or [ReOJ** coordination modes with candidate peptides. These models
predict preferred binding sites, dissociation constants, and potential steric clashes that
could compromise either metal complex integrity or biological activity. For example, certain
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fac-[Re(CO)3]* complexes have exhibited nanomolar antimicrobial activity, depending on
the nature of the coordinated ligand, against Gram-positive bacteria, including Staphylococ-
cus aureus and methicillin-resistant strains (MRSAs) [136]. The fac-[Re(CO)3]* moiety serves
as the pharmacophore, with ligand variation allowing fine-tuning of lipophilicity and cellu-
lar uptake. Peptide conjugation improves target selectivity and reduces off-target effects.
Recent ML-guided designs of Re tricarbonyl complexes have used classification models
to predict antibacterial potency from structure-activity data with high accuracy. When
coordinated to AMPs via His or Cys residues, the resulting metallopeptides exhibit dual
mechanisms of action: AMP-driven membrane pore formation combined with Re-induced
ROS generation or membrane destabilization. These conjugates retain low-micromolar
activity while gaining theranostic potential through the use of radioactive '8¢ /18Re iso-
topes [14,35,49,52]. An overview of the main computational tools and studies used for
docking, binding site prediction, and generative design is provided in Table 4.

Table 4. Key references for molecular docking, binding site prediction, and generative molecu-

lar design.
Key Contribution Reference

Deep learning approach using 3D CNNs for accurate prediction of protein binding sites. [137]
SE(3)-equivariant Transformer for 3D molecular representation achieving [138]
state-of-the-art results on docking and related tasks.

Foundational work on variational autoencoders for continuous representation and [139]
optimization of molecular structures.

Large-scale dataset of DFT-annotated molecular conformations essential for training 3D [140]

ML models.

A total of 7622 proteins from the scPDB database of binding sites have been evaluated
using a novel knowledge-based approach that uses state-of-the-art convolutional neural [141]
networks, where the algorithm is learned by examples.

AutoDock Vina, a new program for molecular docking and virtual screening with
approximately two orders of magnitude speed-up, while also significantly improving [142]
the accuracy of the binding mode predictions, is presented.

A 3D convolutional neural network (CNN) for protein-ligand scoring, which

automatically extracts features from voxelized 3D grids to identify binding poses, it is

introduced. The CNN model outperformed traditional scoring functions like AutoDock [143]
Vina in virtual screening tasks, offering superior performance in predicting binding

affinities.

It is presented as a method to convert discrete SMILES molecular representations into a

continuous, multidimensional space using a variational autoencoder. This approach
enables gradient-based optimization and interpolation to efficiently generate novel

[144]

drug-like molecules with targeted properties.

7.3. Synthesis Planning and Route Optimization

Following molecular docking and coordination geometry prediction, Al tools for
computer-aided synthesis planning (CASP) enable the efficient preparation of AMP-Re
conjugates. Al-assisted design typically follows several key principles: (i) segregation of
functional domains (a hydrophobic or amphiphilic region for membrane interaction and a
His/Cys-rich region for metal coordination), (ii) optimal net charge balance (typically +2 to
+8 for effective bacterial targeting while avoiding excessive cationicity that increases toxicity
risk), (iii) controlled motif density (sufficient His and Cys residues for stable metal binding
without excessive thiol content that may cause aggregation or oxidation), and (iv) structural
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flexibility (incorporation of flexible linkers to accommodate optimal coordination geometry
while preserving the peptide’s secondary structure, such as a-helix or (3-sheet).

Al-based retrosynthetic analysis tools proposed efficient, high-yielding synthetic
routes for Re~AMP conjugates. These tools predict optimal protecting group strategies,
coupling conditions, and purification methods, while also flagging potential side reac-
tions involving the redox-sensitive rhenium center or reactive peptide residues. This is
accomplished through automated retrosynthetic planning of the peptide sequence, op-
timization of solid-phase peptide synthesis (SPPS) steps, selection of protecting groups
compatible with subsequent metal coordination, and strategic planning of post-synthetic
metal complexation with the Re(CO); precursor. Overall, ML models significantly reduce
synthetic complexity and accurately predict reaction feasibility, particularly for challenging
metal-peptide conjugation steps [145-147].

These Al-driven approaches significantly reduce the experimental burden. Modern
Al-based pipelines pre-screen millions of candidate sequences in silico, enriching the
pool with high-probability active peptides, filtering out those predicted to be toxic or
unstable, and guiding the rational synthesis of AMP-Re conjugates. This capability is
particularly valuable because traditional wet-lab screening is extremely time-consuming
and resource-intensive. Table 5 shows some representative studies on synthesis planning
and the optimisation of synthesis routes.

Table 5. Key references for synthesis planning and route optimization.

Key Contribution Reference
Landmark paper combining neural networks with symbolic rules for retrosynthetic [145]
planning, solving key limitations of traditional expert systems.
Graph convolutional neural network for predicting organic reaction outcomes, highly [148]
relevant to retrosynthesis planning.
Transformer-based model for single-step retrosynthesis and reaction prediction, later [149]
integrated into multi-step pathway planning.
Demonstration of a self-optimizing robotic platform using real-time NMR and machine [150]
learning for autonomous multi-step organic synthesis.
Machine learning model for predicting optimal reagents, catalysts, and solvents [151]
(including amine reactivity) for organic transformations.
Excellent review covering automated and Al-assisted SPPS strategies and modern [152]
platforms.
It extends the Molecular Transformer into a single-step retrosynthetic predictor that
outputs plausible precursors, reagents, solvents, and catalysts for each transformation.
The single-step model is then embedded into a hyper graph exploration strategy, which [153]

automatically explores and prunes possible reaction trees to assemble complete
retrosynthetic pathways.

7.4. Formulation and Delivery System Design

The incorporation of AMP-Re(CO)3 conjugates into (nano)microgel systems intro-
duces several critical design variables, including polymer composition, cross-linking den-
sity, swelling behavior, and release kinetics. Al-assisted materials design approaches can
effectively predict peptide-polymer compatibility, encapsulation efficiency, and the overall
stability of the resulting nanoparticles or microgels. ML models further guide the opti-
mization of formulation parameters—such as polymer architecture, surfactant selection,
and processing conditions—thereby facilitating the development of stimuli-responsive
(nano)microgels capable of controlled release and improved bioavailability of the AMP-Re
conjugates [154-156].
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Although (nano)microgels have shown considerable potential for antimicrobial deliv-
ery, the incorporation of rhenium complexes and AMP-Re conjugates into these matrices
remains an area that warrants further investigation. Nevertheless, the successful encap-
sulation of the [Re(bpy)(H,O)(CO)3]" in Gelucire® 44 /14-based micelles functionalized
with the AS1411 aptamer, with an encapsulation efficiency (EE) of 76.7 + 0.8%, demon-
strates the feasibility of incorporating rhenium complexes into alternative nanocarrier
systems [87]. These findings highlight the potential of exploring (nano)microgels as alter-
native delivery platforms for rhenium complexes and their conjugates with antimicrobial
peptides, opening new avenues for the development of multifunctional nanocarriers for
antimicrobial applications.

Stimuli-responsive variants, such as pH-sensitive or enzyme-cleavable gels, enable
targeted delivery to infected wounds. Compared with free conjugates, these matrices
offer several key advantages: high water content that mimics the ECM, tunable swelling
behavior, reduced burst release, and enhanced penetration into biofilms [36,110,157].

Generative Al models can design self-assembling nanocarriers or hydrogel matrices
that optimally encapsulate and release AMP-Re(CO);3 conjugates. These models predict
drug-polymer compatibility, release kinetics under diabetic wound-mimicking conditions,
and stability against proteolytic degradation through molecular dynamics simulations, as
illustrated in Figure 5 [36,110,157].
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Figure 5. (Nano)microgel platforms for encapsulation and controlled release of AMP-Re(CO)3
conjugates. Schematic illustration of a stimuli-responsive nanogel network (e.g., hyaluronic acid or
chitosan-based) encapsulating AMP-Re conjugates.

Although direct examples of fully integrated systems are still emerging, the modular
pipeline is highly feasible: Al-designed His/Cys-rich AMPs can be coordinated with
[Re(CO)3(H,0)3]* and subsequently loaded into stimuli-responsive nanogels (e.g., based
on hyaluronan or chitosan). The expected benefits include prolonged local release at
infection sites, synergistic antibacterial activity (combining AMP-mediated membrane
disruption with Re-induced ROS generation), enhanced biofilm eradication, and promotion
of wound healing.

Analogous Al-guided AMP-hydrogel systems have already demonstrated >99.99%
in vitro killing efficacy against Methicillin-Resistant Staphylococcus aureus (MRSA) and
E. coli, along with accelerated wound healing in vivo. Extending this approach to Re
conjugates adds theranostic capability (simultaneous imaging and therapy). Moreover,
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ML-optimized nanogels can fine-tune release profiles to match the acidic pH or enzymatic
environment of infected wounds.

Thus, the discovery of stable antimicrobial rhenium(I) metallopeptides incorporating
the fac-[Re(CO)s]* core has opened a new avenue in anti-infective therapy. These systems
combine peptide-driven membrane disruption with metal-mediated intracellular effects,
such as redox imbalance and ROS generation. Artificial intelligence has accelerated this
progress by enabling de novo design of AMP sequences enriched in metal-coordinating
motifs (His, Cys), accurate prediction of coordination stability, and simultaneous opti-
mization of antimicrobial potency and host safety. When integrated into (nano)microgel
delivery platforms, these advances support the rational engineering of multifunctional
systems with improved pharmacokinetics and controlled, localized release. Consequently,
Al-assisted Re metallopeptides hold strong potential for applications in chronic wound
management, prevention of implant-associated infections, and targeted therapy against
multidrug-resistant pathogens. A selection of studies on the formulation and design of

delivery systems is set out in Table 6.

Table 6. Key references for formulation and delivery system design.

Key Contribution

Reference

AlphaFold has revolutionized structural biology by providing freely accessible, highly
accurate structure models for millions of proteins, accelerating drug discovery, mechanistic
studies, and functional annotation across the life sciences. The work is now regarded as a
landmark example of how Al driven deep learning can solve a decades old grand challenge
problem in biology.

[158]

The method is openly released to the scientific community, lowering the barrier to
high-accuracy protein structure prediction and complex modeling for labs without access to
large-scale computational resources. The work shows that deep learning models can
simultaneously predict structures and interactions, accelerating mechanistic studies, drug
target analyses, and protein design workflows.

[159]

The review emphasizes how physical principles (symmetries, conservation laws, locality) can
and must be built into ML architectures to ensure physically meaningful predictions and
better generalization. It also highlights methods such as neural network potentials, Markov
state-like models (e.g., VAMPnets), and bias potential learning for enhanced sampling,
showing that ML both accelerates simulations and improves the extraction of dynamical and
thermodynamic information from MD data.

[160]

Perspective on ML for inverse design of soft materials.

[161]

The article explains that ML can help address the complex, high-dimensional design space of
drug delivery materials (composition, size, surface functionalization, degradation rate, drug
release profile, etc.) by learning predictive models from experimental and simulation data.

[162]

The authors leverage deep learning models trained on curated datasets of polymers to learn
complex structure—property relationships, going beyond traditional heuristic or analytical
models. They focus on developing data-driven encodings of polymer repeat units that can be
fed into neural networks to predict thermodynamic, mechanical, dielectric, and other
functional properties of existing or hypothetical polymers.

[163]

The authors argue that, just like the function of natural biopolymers is encoded in their
sequence, synthetic polymers with precisely controlled monomer sequences can be designed
to exhibit tailored folding, self-assembly, responsiveness, and biological interactions. These
sequence-controlled polymers are synthesized using advanced polymerization techniques
that place monomers in a defined order, enabling fine tuning of secondary structure,
nanoscale morphology, and interactions with drugs or cells.

[164]
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8. Current Limitations and Perspectives

Despite their considerable potential, several challenges remain in the development
of AMP-Re(CO); (nano)microgel systems. These include (i) the limited availability of
high-quality Re-peptide interaction datasets, which currently hinders machine learning ac-
curacy [165]; (ii) difficulties in accurately predicting coordination geometries and stability in
solution rather than in vacuum or crystal structures [166]; (iii) the need for comprehensive
biocompatibility and clearance studies, particularly regarding potential rhenium accumu-
lation and the controlled degradation of the gel matrix [167]; (iv) significant regulatory
hurdles for metallodrugs, which require rigorous toxicology and long-term safety evalua-
tions [168]; and (v) the necessity of extended in vivo studies to assess efficacy, resistance
development, and therapeutic durability [14,167,169]. In this context, promising future
directions include the development of hybrid models that combine deep learning with
density functional theory descriptors, the integration of molecular dynamics simulations
for more realistic structure validation, the creation of metal-aware protein language models,
multimodal Al architectures that integrate sequence, structural, and metal-binding data,
explainable Al methods for better motif interpretation, and fully closed-loop experimental
validation systems [170,171].

9. Conclusions and Future Perspectives

The Al-assisted workflow for AMP-Re(CO)3 metallogel development integrates se-
quence generation, coordination modeling, synthesis planning, activity and toxicity pre-
diction, and advanced formulation design into a unified, highly efficient pipeline. This
approach significantly accelerates discovery and optimization compared with conventional
trial-and-error methods. Overall, Al-assisted design of AMP-Re(CO); (nano)microgel sys-
tems represents a paradigm shift in the fight against antimicrobial resistance. By combining
generative Al for peptide engineering, machine learning for metal coordination and activity
prediction, and predictive modeling for gel optimization, this strategy yields stable, tar-
geted, and potent metallodrugs. Although the field is still in its early stages, rapid progress
in Al-driven AMP design, rhenium coordination chemistry, and smart nanogel technologies
is opening new avenues for the development of advanced antimicrobial therapies. While
advanced Al architectures such as GANs or diffusion models are widely used in drug
discovery, their application in predicting the gelation and antimicrobial efficacy of rhenium-
based systems remains completely unexplored, representing a major frontier for future
research. Achieving this potential will require sustained interdisciplinary collaboration
among Al specialists, coordination chemists, materials scientists, and clinicians.
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Abbreviations

Al Artificial intelligence

AMP Antimicrobial peptide

AMR Antimicrobial resistance

APD Antimicrobial Peptide Database
aPDT Antimicrobial photodynamic therapy

ATCUN Amino-terminal copper and nickel binding motif
BiLSTM Bidirectional Long Short-Term Memory

BSA Bovine serum albumin

CASP Computer-aided synthesis planning
CCDC Cambridge Crystallographic Data Centre
CD Circular dichroism

DBAASP  Database of Antimicrobial Activity and Structure of Peptides
DFT Density functional theory

DL Deep learning

DNA Deoxyribonucleic acid

DRAMP Data Repository of Antimicrobial Peptides
ECM Extracellular matrix

ESI-MS Electrospray ionization mass spectrometry

ESM-2 Evolutionary Scale Modeling 2
EXAFS Extended X-ray absorption fine structure

FT-IR Fourier-transform infrared spectroscopy
GSH Glutathione

HPLC High-performance liquid chromatography
HR-MS High-resolution mass spectrometry

LSTM Long Short-Term Memory

MDR Multidrug-resistant

MIC Machine learning

MLCT Metal-to-ligand charge transfer

MRSA Methicillin-resistant Staphylococcus aureus
MSSA Methicillin-susceptible Staphylococcus aureus
NIR Near-infrared

NMR Nuclear magnetic resonance spectroscopy
PDB Protein Data Bank

ProtBERT  Protein Bidirectional Encoder Representations from Transformers
ROS Reactive oxygen species

SCXRD Single-crystal X-ray diffraction

SMILES Simplified Molecular-Input Line-Entry System

SPPS Solid-phase peptide synthesis
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