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Abstract

Background: Antimicrobial resistance (AMR) among ESKAPE pathogens—Enterococcus
faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas
aeruginosa, and Enterobacter spp.—represents a major global health threat and accounts for
a substantial proportion of healthcare-associated infections. Their genomic plasticity and
adaptive regulatory responses facilitate the rapid emergence and dissemination of resis-
tance and virulence determinants. Artificial intelligence (AI) has emerged as a powerful
approach for analyzing large-scale biological datasets and identifying molecular signatures
associated with antimicrobial resistance and pathogenicity. Objectives: This review exam-
ines AI-driven frameworks for predictive target discovery in ESKAPE pathogens, focusing
on approaches that leverage genomic and transcriptomic data and extend toward the inte-
gration of additional omics layers within network-based and systems-level modeling frame-
works. We discuss how AI methods are evolving beyond phenotypic prediction toward
more biologically interpretable inference for prioritizing resistance mechanisms, virulence
determinants, and candidate antimicrobial targets. Conclusions and Future Directions:
Current AI applications exploit genomic, transcriptomic, and network-level data to pri-
oritize resistance and virulence determinants and to support antimicrobial discovery, in-
cluding small molecules and antimicrobial peptides. However, integrative multi-layer
modeling and comprehensive experimental validation remain limited. Future advances
will depend on improved integration of complementary biological data, enhanced model
interpretability, and robust translational validation frameworks to enable clinically ac-
tionable AI-guided novel pathogen-targeted next-generation diagnostics, therapeutic and
stewardship strategies against ESKAPE pathogens.

Antibiotics 2026, 15, 469 https://doi.org/10.3390/antibiotics15050469

https://crossmark.crossref.org/dialog?doi=10.3390/antibiotics15050469&domain=pdf&date_stamp=2026-05-06
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/antibiotics
https://www.mdpi.com
https://orcid.org/0009-0007-5673-5048
https://orcid.org/0009-0001-7957-4351
https://orcid.org/0000-0003-0739-8798
https://orcid.org/0000-0002-0785-7934
https://doi.org/10.3390/antibiotics15050469


Antibiotics 2026, 15, 469 2 of 20

Keywords: artificial intelligence (AI); antimicrobial resistance; ESKAPE pathogens;
machine learning; deep learning; target prioritization; next-generation ESKAPE target
discovery

1. Introduction
The silent pandemic of antimicrobial resistance (AMR) is exerting increasing pressure

on global healthcare systems, potentially undermining decades of progress in infectious dis-
ease management. As the transition toward a post-antibiotic era accelerates, the prevalence
of multidrug-resistant (MDR) infections poses a critical challenge to standard therapeu-
tic protocols. In high-acuity settings, such as intensive care units, the escalating failure
rates of frontline empirical therapies are significantly compromising patient outcomes and
increasing mortality risks [1].

The ESKAPE pathogens—Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumo-
niae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spp.—stand at the
center of this global crisis [2]. This notorious group of opportunistic bacteria is responsible
for a substantial proportion of healthcare-associated infections and has been prioritized
by the World Health Organization in the Bacterial Priority Pathogens Lists, with four ES-
KAPE members classified as ‘critical’ and the remaining two as ‘high-priority’ threats [3,4].
These pathogens can evade nearly all conventional antibiotics, and their success stems
not only from their extensive genetic adaptability but also from their ability to remodel
regulatory and metabolic circuits in response to therapeutic pressure. Despite extensive
genomic surveillance and high-throughput screening efforts, the development of novel
antimicrobials continues to lag alarmingly.

In response to this escalating challenge, Artificial Intelligence (AI) has emerged as a
key enabling technology, offering a paradigm shift by enabling data-driven discovery of
predictive molecular targets that underpin both identification, antimicrobial resistance and
pathogenicity [5,6]. Leveraging the vast volumes of biological data generated by genomics,
transcriptomics, and proteomics, AI-driven approaches are now enabling the identifica-
tion of subtle molecular patterns underlying resistance and virulence. Machine learning
(ML), a core AI subset, employs statistical algorithms to uncover intricate patterns and
relationships within data, enabling robust predictions on new observations. Deep learning
(DL) techniques leverage hierarchical neural network architectures to automatically learn
feature representations directly from raw data [6].

ML models, exemplified by random forests (RF), support vector machines (SVM),
and gradient boosting frameworks such as XGBoost, excel at feature selection from high-
dimensional phenotypic and genotypic datasets, identifying key resistance determinants in
ESKAPE pathogens [7–9].

DL models such as DeepARG [10], DeepAMR [11], and TGC-ARG [12] further advance
this capability by predicting antimicrobial susceptibility directly from raw genomic and
metagenomic data, identifying both known and novel resistance determinants with superior
sensitivity compared to traditional bioinformatics approaches.

Advanced frameworks, including graph neural networks and transformers, extend
these capabilities by simultaneously profiling virulence factors and resistance markers
through multi-task learning and self-attention mechanisms [13].

In parallel, revolutionary advances in protein structure prediction—exemplified by
AlphaFold2 [14], RoseTTAFold [15], and ESMFold [16]—have expanded the frontiers of in
silico drug discovery, characterizing protein targets in ESKAPE pathogens. Graph neural
networks and knowledge graph embedding models are similarly advancing rational drug
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design and repurposing by linking genomic data with pharmacological potential. Together,
these approaches herald a paradigm shift from descriptive microbiology to predictive,
AI-driven discovery.

Although several recent reviews have examined AI-assisted antibiotic discovery or
antimicrobial resistance prediction more broadly, fewer have specifically focused on pre-
dictive target discovery in ESKAPE pathogens while integrating biological interpretability,
validation, and translational readiness into a unified framework.

This review evaluates AI frameworks for predictive target discovery in ESKAPE
pathogens, focusing on representative studies integrating genomic and transcriptomic data
within multi-omics and network-based approaches. It examines methodological advances
that move beyond phenotype prediction toward biologically interpretable identification
of resistance mechanisms, virulence determinants, and candidate antimicrobial targets.
We also assess the current state of validation, clinical integration, and implementation
readiness, providing a perspective on the translational maturity of AI-driven antimicrobial
resistance models.

2. Methodological Approach
2.1. Search Strategy and Selection Criteria

A literature search was conducted to identify studies applying artificial intelligence
(AI) approaches to the predictive discovery of antibiotic resistance and virulence de-
terminants in ESKAPE pathogens. Articles were retrieved from PubMed/MEDLINE
using combinations of the following keywords: (“artificial intelligence” OR “machine
learning” OR “deep learning” OR “neural network” OR “graph neural network” OR
“generative model” OR “ensemble learning” OR “QSAR”) AND (“antimicrobial resis-
tance” OR “virulence” OR “target discovery” OR “target prioritization” OR “antimicrobial
peptide” OR “drug discovery”) AND (“Enterococcus faecium” OR “Staphylococcus aureus”
OR “Klebsiella pneumoniae” OR “Acinetobacter baumannii” OR “Pseudomonas aeruginosa” OR
“Enterobacter”). The search was limited to publications from the last decade (2016–2026). A
total of 277 records were identified.

This focused narrative review applied predefined inclusion criteria prioritizing studies
that provided functional target inference and/or experimental validation alongside pre-
dictive performance, while enabling critical evaluation of their methodological limitations.
Sixteen studies were selected as the core analytical corpus, with additional references
included to contextualize broader methodological and translational developments. The
study identification, screening, eligibility assessment, and inclusion steps are summarized
in a PRISMA-style flow diagram [17] (Figure 1).

2.2. Inclusion and Exclusion Criteria

Studies were considered eligible if they applied AI-based methodologies (e.g., machine
learning (ML), deep learning (DL), ensemble models, or related computational approaches)
to investigate antibiotic resistance or virulence determinants in one or more ESKAPE
pathogens. Studies on AI-guided antibiotic or antimicrobial peptide discovery were in-
cluded only when the computational framework explicitly identified or prioritized specific
resistance or virulence-associated molecular targets. Articles were excluded if they focused
exclusively on diagnostic classification without mechanistic inference. Studies addressing
non-ESKAPE pathogens or not employing AI-based methods were also excluded. Reviews,
editorials, and conference abstracts were not considered. Studies limited to phenotypic re-
sistance prediction were included only when biological insight or target-level interpretation
was provided. Only publications in English were included.
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Figure 1. PRISMA-style flow diagram of study selection for AI-based resistance and virulence
determinant discovery and antibiotic/antimicrobial peptide discovery in ESKAPE pathogens.

2.3. Study Selection and Data Extraction

All retrieved records were screened at the title and abstract level to determine eligibil-
ity. Screening and full-text assessment were performed independently by two reviewers,
with disagreements resolved through consensus. Of the 277 screened records, 45 articles
were assessed in full text, and 16 studies met all eligibility criteria. For each included
study, data were extracted on pathogen species, biological data type (e.g., whole-genome
sequencing, transcriptomics, chemical libraries, or peptide libraries), feature representation,
AI architecture and associated computational tools, primary predictive objective, level
of target inference (e.g., sequence-, gene-, or network-level), validation strategy, and re-
ported limitations. Given the methodological heterogeneity of AI architectures, datasets,
and validation strategies across studies, no formal risk-of-bias tool was applied. Instead,
studies were qualitatively evaluated with attention to dataset provenance, interpretability
strategies, validation approaches, and the presence of experimental confirmation.

3. AI-Driven Frameworks for Predictive Target Discovery
in ESKAPE Pathogens

Artificial intelligence has enabled multi-layered strategies for predictive target dis-
covery in ESKAPE pathogens, as shown in Figure 2. Current approaches encompass
sequence-based genomic modeling, transcriptomic and multi-omics inference, network-
level systems modeling, and AI-guided therapeutic compound discovery. Collectively,
these frameworks spanned the continuum from resistance determinant prioritization to
mechanistic interpretation and translational antimicrobial development.
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Figure 2. Conceptual multi-layer AI framework for predictive target discovery in ESKAPE pathogens.
The framework is organized across four interconnected layers. Sequence-based genomic modeling
provides the foundation for resistance prediction and gene-level determinant prioritization using fea-
tures derived from whole-genome sequencing (e.g., SNVs, k-mers). Transcriptomic and multi-omics
integration captures dynamic regulatory processes associated with resistance and virulence. Net-
work and systems-level approaches further integrate these signals to identify functionally connected
targets, while generative AI frameworks translate these insights into antimicrobial design, enabling
the development of novel peptides and small-molecule candidates. Together, these layers reflect a
progression from data-driven prediction toward increasingly mechanistic and translational inference.

3.1. Sequence-Based AI Models for Resistance Determinant Prioritization

Sequence-based AI models have been extensively applied to genomic datasets to
predict antimicrobial resistance (AMR) phenotypes and to prioritize candidate resistance
determinants [18–21]. Across these studies, different genomic feature representations
were employed, including gene presence/absence matrices derived from whole-genome
sequencing (WGS), single-nucleotide variant (SNV) profiles, and high-resolution k-mer
or unitig-based sequence embeddings. The choice of representation critically influences
both predictive performance and interpretability depth. Hyun et al. implemented an inter-
pretable ML framework combining support vector machine classifiers with a random sub-
space ensemble strategy (SVM-RSE), using gene presence/absence matrices extracted from
WGS data to associate genomic content with resistance phenotypes in S. aureus, P. aerugi-
nosa, and E. coli [18]. Rather than focusing exclusively on classification performance, the
framework leveraged feature selection and ranking to identify genomic signatures linked to
antimicrobial resistance, enabling prioritization of candidate genes and genomic regions for
downstream investigation. Avershina et al. developed the AMR-Diag framework, which
employs feed-forward artificial neural networks trained on k-mer-based pan-genomic fea-
tures to predict β-lactam resistance (e.g., ampicillin, third-generation cephalosporins, and
carbapenems) in E. coli and K. pneumoniae. Specifically, the authors developed a database of
β-lactamase-associated k-mers (BLAKs) extracted from known resistance genes. Feature
selection was performed using Neighboring Component Analysis (NCA) prior to model
training, enabling the identification of informative genomic determinants associated with
resistance phenotypes [19]. This assembly-free encoding allowed rapid capture of genomic
sequence variation directly from raw reads, while the NCA-derived feature weights enabled
model outputs to be associated with specific β-lactamase gene families (e.g., NDM, CTX-M,
TEM). Li et al. applied ML models—including ensemble and boosting algorithms such
as Random Forest and extreme gradient boosting (XGBoost)—trained on whole-genome
sequencing (WGS) data represented as k-mer features to predict imipenem resistance in
K. pneumoniae. The framework enabled genome-wide detection of resistance-associated
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sequence signatures, demonstrating that high-resolution k-mer representations can capture
both known and previously uncharacterized genetic determinants linked to carbapenem
resistance [20]. Jia et al. extended sequence-based modeling by integrating WGS-derived
resistance determinants with gene expression measurements in A. baumannii [21]. Genomic
features, including antimicrobial resistance genes and mobile genetic elements identified
using tools such as ResFinder and ISsaga, were used as inputs for the model. Deep neural
network models were trained to estimate minimum inhibitory concentrations (MICs), and
the incorporation of transcriptional data enabled the identification of resistance-associated
gene signatures beyond genomic variation alone.

Many of the identified genomic determinants are known to be associated with mo-
bile genetic elements, including plasmids, transposons, and integrons, which play a cen-
tral role in the horizontal transfer and dissemination of antimicrobial resistance across
ESKAPE pathogens.

While these approaches achieve high predictive performance, several limitations
remain. Sequence-based models are often sensitive to dataset composition, including class
imbalance and lineage-specific biases, which may affect generalizability. In addition, k-
mer-based representations, although powerful for capturing sequence variation, can limit
biological interpretability and mechanistic attribution compared to gene-level features,
making it more challenging to directly link predictions to functional resistance mechanisms.
Furthermore, high model accuracy does not necessarily imply causal inference, highlighting
the need for systematic validation and integration with complementary data modalities.

3.2. Transcriptomic AI Frameworks for Resistance and Virulence Regulatory Inference

While sequence-based genomic AI models rely predominantly on static genetic varia-
tion, transcriptomic frameworks enable interrogation of dynamic regulatory states underly-
ing antimicrobial resistance and virulence. Kula et al. developed transcriptome-based ML
models using supervised classifiers such as logistic regression, Random Forest, XGBoost,
and Naive Bayes to predict antimicrobial resistance phenotypes in P. aeruginosa, while also
identifying transcriptomic signatures associated with resistance [22]. RNA sequencing pro-
files were used as predictive features, and differential expression analysis integrated with
model-derived feature importance enabled the identification of transcriptional signatures
associated with resistance phenotypes, thereby anchoring inference in regulatory activity
rather than gene presence alone.

Transcriptomic AI approaches have also been applied to virulence determinant priori-
tization. Yu et al. applied RNA sequencing and independent component analysis (ICA)
to infer virulence-associated transcriptional modules in S. aureus, identifying the small
RNA Sau-41 as a regulatory element linked to pathogenicity [23]. Gene weights derived
from the ICA components enabled prioritization of candidate regulatory determinants
involved in virulence regulation. These elements were subsequently validated through
molecular interaction assays (EMSA), haemolysis experiments, and a murine infection
model. This study illustrates how AI-based transcriptomic decomposition can guide exper-
imental validation, linking computational prediction with mechanistic characterization of
virulence regulation. Similarly, Artini et al. applied supervised ML classifiers, including
support vector machines, Random Forest, decision trees, and gradient boosting models, to
chemical composition and biofilm modulation datasets of P. aeruginosa, including isolates
from cystic fibrosis patients [24,25]. These studies associated specific gene expression
patterns with virulence and biofilm phenotypes and confirmed prioritized candidates
through experimental validation. Biofilm formation represents a major virulence determi-
nant across ESKAPE pathogens. In phenotype-driven biofilm studies, supervised models
were employed to establish quantitative activity–composition relationship frameworks,
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identifying chemical components associated with biofilm inhibition at sub-bactericidal
concentrations [24,25]. Although these models do not directly infer gene-level regulatory
mechanisms, they demonstrate how AI can prioritize modulators of virulence-associated
phenotypes and generate biologically testable hypotheses regarding pathways involved in
sessile adaptation and biofilm regulation.

These transcriptional signatures are often associated with known biological processes,
including stress-response pathways, efflux pump regulation, and virulence-associated reg-
ulatory networks, which are key contributors to antimicrobial resistance and pathogenicity
in ESKAPE pathogens.

Beyond transcriptomic inference, proteomic profiling provides an additional func-
tional layer by directly quantifying protein abundance, post-translational regulation, and
the activity of resistance-associated pathways. In bacterial pathogens, including ESKAPE
species, antibiotic exposure can induce rapid remodeling of membrane proteins, efflux
systems, and virulence determinants that may not be fully captured at the transcriptional
level. Recent studies have highlighted how mass-spectrometry-based proteomics can reveal
functional responses to antimicrobial stress and identify protein-level biomarkers associ-
ated with resistance and pathogenicity [26–28]. Although several studies have explored
the integration of ML with mass-spectrometry-based proteomics to predict antimicrobial
resistance or support rapid microbial identification, these approaches are primarily oriented
toward diagnostic classification rather than mechanistically interpretable target discovery.
Consequently, proteomics-based studies were not represented among the core articles
included in this review, which specifically focused on AI-driven frameworks for predictive
target prioritization in ESKAPE pathogens.

Despite their ability to capture dynamic regulatory states more directly than sequence-
based models, transcriptomic AI frameworks present several limitations. Model perfor-
mance is strongly influenced by experimental variability, including batch effects, growth
conditions, and data normalization strategies, which may reduce reproducibility and
cross-study generalizability. Moreover, while these approaches identify expression-based
signatures associated with resistance or virulence, distinguishing causal regulatory mech-
anisms from correlated transcriptional patterns remains challenging. The integration of
transcriptomic data with complementary multi-omics layers and standardized validation
frameworks will be essential to improve robustness, biological interpretability, and reliable
target-level inference.

3.3. Network-Based and Systems-Level AI Frameworks for Target Prioritization

Network-based and systems-level AI frameworks enable deeper biological interpre-
tation by incorporating explicit functional relationships among genes and proteins. By
modeling regulatory and protein–protein interaction networks, these approaches move be-
yond individual feature ranking and allow inference at the level of coordinated functional
modules and interaction clusters. Burrows et al. applied non-negative matrix factorization
(NMF) to accessory gene presence–absence matrices to resolve the structural organization
of the Enterobacter pan-genome and identify gene sets associated with lineage-specific and
horizontally transferred traits [29]. By decomposing the accessory genome into distinct
gene modules, termed Phylons, the framework enabled the classification of major lineage-
associated and mobile genetic elements across the genus. Although primarily focused on
pan-genome structure rather than direct phenotype prediction, the study illustrates how un-
supervised ML can support biologically informative target and trait prioritization beyond
conventional classification tasks. Kim et al. applied supervised ML classifiers, including
logistic regression, Random Forest, and gradient-boosted decision trees, to whole-genome
sequencing data from E. faecium and E. faecalis in order to identify genomic determinants
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associated with antimicrobial resistance. Model-dependent and model-independent feature
selection, including Block HSIC Lasso, enabled the prioritization of candidate resistance
drivers and highlighted the importance of interpretability in distinguishing biologically
meaningful predictors from potential confounding signals [30]. By comparing multiple
genomic feature representations, including AMR genes, pangenome features, and predicted
plasmid clusters, the study showed that ML can recover both known resistance determi-
nants and additional candidate features potentially linked to resistance-associated mobile
genetic elements. Despite strong predictive performance, the authors also demonstrated
that careful inspection of top-ranked features is necessary to avoid overinterpreting signals
driven by population structure rather than direct resistance mechanisms.

A more explicit systems-level representation is achieved through graph-based architec-
tures. Zhang et al. applied supervised ML models, including logistic regression, Random
Forest, XGBoost, support vector machines, and k-nearest neighbors, to transcriptomic
datasets in order to identify genes associated with the transition of S. aureus from plank-
tonic growth to biofilm formation [31]. Recursive feature elimination was subsequently
employed to prioritize a reduced subset of key genes contributing to the classification
model. Functional enrichment analyses indicated that several of these genes were linked
to metabolic pathways such as urea metabolism and arginine biosynthesis, while down-
stream biofilm-protein prediction suggested potential roles for previously uncharacterized
proteins in biofilm regulation. These findings illustrate how machine learning-based fea-
ture selection can refine large transcriptomic datasets to identify candidate determinants
associated with complex pathogenic phenotypes. Overall, these approaches extend AI
modeling from individual features toward the analysis of functional relationships and
interaction networks.

These network-derived modules frequently correspond to known biological processes,
including metabolic adaptation, quorum sensing, and biofilm formation, which are key
determinants of persistence and antimicrobial tolerance in ESKAPE pathogens.

Network-based and systems-level approaches can improve interpretability but remain
dependent on the quality and completeness of underlying interaction data, which are
often inferred and highly context-specific. Consequently, identified modules may capture
indirect associations rather than true functional relationships. In addition, signals driven
by population structure or feature co-occurrence can be misinterpreted as mechanistic
links if not carefully controlled. Distinguishing causal interactions from correlated net-
work patterns, therefore, remains a key challenge for reliable target prioritization and
mechanistic interpretation.

3.4. AI-Guided Antibiotic and Antimicrobial Peptide Discovery

Artificial intelligence is increasingly applied to the discovery and optimization of novel
antimicrobial agents, including small molecules and antimicrobial peptides (AMPs). In
contrast to determinant-prioritization frameworks, these approaches primarily focus on pre-
dicting antibacterial activity at the compound or sequence level, using chemical descriptors,
structural information, or peptide sequence embeddings as model inputs. Recent advances
in protein structure prediction, including AlphaFold-based models, may further support
structure-informed characterization of antimicrobial targets and facilitate structure-guided
compound prioritization, complementing data-driven AI discovery pipelines. Landmark
studies have demonstrated the potential of deep learning-based screening frameworks
to identify structurally novel antibiotics, exemplified by the discovery of halicin through
large-scale neural network screening of chemical libraries [32].

Boulaamane et al. implemented a machine learning-guided workflow integrat-
ing QSAR modeling with molecular docking to prioritize compounds active against
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A. baumannii, focusing on the outer membrane protein OmpW as a potential therapeu-
tic target. Molecular fingerprints were used to encode chemical structures, and several
classifiers—including Random Forest, support vector machines, k-nearest neighbors, Gaus-
sian Naive Bayes, and convolutional neural networks—were evaluated for activity pre-
diction and virtual screening of candidate molecules [33]. In vitro validation confirmed
antibacterial activity and supported target engagement through complementary assays,
partially bridging phenotypic prediction and mechanistic hypothesis generation. Similarly,
AI-guided screening strategies have enabled the identification of pathogen-specific com-
pounds such as abaucin, a narrow-spectrum antibiotic targeting A. baumannii identified
through machine learning-based virtual screening approaches [34].

Antimicrobial peptide discovery represents an even more active domain of AI-driven
antimicrobial development. Sequence-based DL architectures trained on curated AMP
datasets have been widely employed to learn sequence–activity relationships and generate
optimized peptide candidates. In many cases, these training datasets derive from curated
antimicrobial peptide libraries that compile experimentally identified peptides from di-
verse biological sources, including microbial organisms, plants, and animal host-defense
systems [35,36]. Proteomic and peptidomic investigations based on mass spectrometry
have contributed substantially to the identification and characterization of naturally occur-
ring antimicrobial peptides and host-defense peptides, thereby expanding the repertoire
of sequences available for computational modeling [37]. Such experimentally derived
peptide libraries provide valuable resources for training machine learning models aimed
at predicting antimicrobial activity and optimizing peptide design. However, despite this
potential, most AI-driven antimicrobial peptide discovery studies currently rely primarily
on curated sequence databases rather than large-scale proteomic datasets, indicating that
proteomics-based peptide discovery remains an underexplored resource for data-driven
antimicrobial development. Li et al. and Bolatchiev et al. utilized neural network-based
frameworks trained on antimicrobial peptide libraries to learn sequence–activity relation-
ships and guide antimicrobial peptide design [38,39]. These recurrent neural network
architectures enabled the generation of novel candidate peptides, which were subsequently
validated experimentally against representative ESKAPE pathogens. Notably, Bolatchiev
et al. further demonstrated the in vivo efficacy of selected peptides in an experimental
sepsis model, highlighting the translational potential of AI-guided antimicrobial peptide
discovery. Mishra et al. implemented an ML-guided peptide optimization strategy inte-
grated with experimental validation in murine infection models targeting S. aureus [40],
thereby strengthening translational relevance. Similarly, Zhao et al. applied a deep genera-
tive framework to design pathogen-targeted antimicrobial peptides, exploring previously
uncharacterized sequence space while enforcing physicochemical and antimicrobial con-
straints, thereby expanding candidate diversity beyond conventional AMP libraries [41].
Their approach combines a conditional variational autoencoder with a diffusion-based
generative model and an integrated MIC prediction module, enabling the generation and
prioritization of peptides with programmable physicochemical properties and predicted
activity against specific pathogens. More broadly, such generative strategies rely on ar-
chitectures such as recurrent neural networks, transformer-based models, or diffusion
frameworks to navigate high-dimensional peptide sequence landscapes under learned
biological constraints. Complementing these generative approaches, recent integrated
ML workflows have successfully identified potent AMPs specifically targeting multidrug-
resistant ESKAPE pathogens, such as A. baumannii and S. aureus, demonstrating high
efficacy in both in vitro assays and in vivo skin infection models [42]. These AI-prioritized
compounds and peptides are generally consistent with known antimicrobial mechanisms,
including membrane disruption, interference with essential cellular processes, and modula-
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tion of host–pathogen interactions, although such mechanisms are not always explicitly
resolved by the models. However, mechanistic interpretability remains limited across
most AMP studies. While AI effectively optimizes physicochemical properties for po-
tency, explicit mapping of the specific Mechanism of Action (MOA)—such as linkage to
internal regulatory networks or non-canonical molecular targets—is frequently absent.
Bridging generative antimicrobial design with systems-level resistance modeling, therefore,
represents a critical next step toward unifying predictive target discovery and AI-driven
therapeutic innovation within ESKAPE pathogens.

AI-driven antimicrobial discovery shows strong potential, but several limitations
remain. Many frameworks rely predominantly on in silico evaluation, with limited experi-
mental validation beyond small candidate sets. In addition, training datasets—particularly
for antimicrobial peptides—are often biased toward known sequences, which may limit
generalization and the exploration of novel sequence space. For generative models, linking
predicted activity to specific mechanisms of action remains challenging. Bridging these
gaps will be essential for translating computational predictions into clinically relevant
antimicrobial candidates.

Taken together, these approaches illustrate the progressive evolution of AI frameworks
from phenotype prediction toward more mechanistically informed target discovery in ES-
KAPE pathogens. While current models successfully capture associations between genetic
variation, regulatory activity, and functional interactions, most approaches remain predomi-
nantly based on genomic or transcriptomic data and rely on supervised learning paradigms.
The integration of multi-omics data and robust experimental validation remains limited,
highlighting the need for more comprehensive and translationally oriented frameworks.
Within this context, a major cross-cutting challenge underlying these frameworks is the
biological interpretability of AI predictions—an issue that has motivated the increasing
adoption of explainable artificial intelligence approaches.

A structured overview of the core studies analyzed in this review—including
pathogens, data modalities, AI architectures, and specific computational tools—is pre-
sented in Table 1. This synthesis specifically details the Interpretability Methods (XAI)
employed to transition from predictive modeling toward target-level inference and exper-
imental validation strategies. To complement this qualitative overview and address the
heterogeneity of reported approaches, we further compiled a descriptive quantitative sum-
mary of representative studies (Table 2), including dataset size, model type, and reported
performance metrics. The different predictive tasks addressed (e.g., AMR prediction, MIC
estimation, or antimicrobial discovery) are explicitly indicated to contextualize the reported
metrics, allowing a comparative overview of performance ranges across model classes
while acknowledging their limited direct comparability.

3.5. Bridging the Interpretability Gap: The Role of eXplainable AI (XAI) in Target Discovery

While the previous Sections 3.1–3.4 highlight the predictive performance of AI frame-
works applied to antimicrobial resistance and virulence inference, translating these outputs
into biologically meaningful insights requires the integration of explainable artificial in-
telligence (XAI) approaches. In this context, interpretability represents a critical bridge
between computational prediction and target-level understanding.

The evolution of interpretability can be observed in the transition from early confidence
scoring approaches [38] to more advanced strategies, including knowledge graph-guided
optimization [40] and property-preserving generative frameworks [41]. These develop-
ments have paved the way for feature attribution methods such as SHAP and LIME [43,44],
which enable a quantitative assessment of how multiple features contribute to antimicrobial
resistance predictions and associated phenotypic outcomes.
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Table 1. Summary of studies evaluating AI-driven frameworks for predictive target discovery in ESKAPE pathogens.

Ref. First Author
(Year) Pathogens Data Type Feature

Representation AI Architecture Tools Interpretability
Method (XAI)

Primary
Objective

Target-Level
Inference

Experimental
Validation

[18] Hyun
(2020)

S. aureus
P. aeruginosa

E. coli
WGS Gene presence/

absence matrix Supervised ML SVM + RSE RFE + Feature
Weighting AMR prediction Gene-level Internal

cross-validation

[19] Avershina
(2021)

K. pneumoniae
E. coli WGS K-mers

(BLAKs database) DL Feed-forward
ANN NCA AMR prediction Sequence-level Internal

cross-validation

[20] Li, S.
(2023) K. pneumoniae WGS k-mer genomic

features Supervised ML RF; LR; SVM;
GBDT; XGBoost

Chi-squared +
Gini Importance AMR prediction Genome-wide

feature-level

External
validation

(independent
dataset)

[21] Jia
(2024) A. baumannii WGS +

Transcriptomics
Resistance genes +
expression levels DL

DNN
integrating WGS

and
transcriptomic

features

SHAP
+ Cohen’s

Kappa
MIC prediction Gene-level

(integrative)

In vitro
validation

(MIC assays)

[22] Kula
(2026) P. aeruginosa Transcriptomics

(RNA-seq)
Gene expression

matrix Supervised ML RF; LR;
XGBoost; NB

ANOVA + RF
Importance +

DESeq2
AMR prediction Gene-level

(regulatory)
Internal

cross-validation

[23] Yu
(2023) S. aureus Transcriptomics RNA-seq signatures Unsupervised

ML ICA iModulon
Decomposition

Virulence
prioritization Gene-level

In vitro
mechanistic and

in vivo
validation

[24] Artini
(2022) P. aeruginosa

Chemical
composition +

biofilm phenotypic
data

Essential oil
composition profiles

ML
classification

RF; LR;
DT; GB; SVM;;

kNN
FI + PDP Virulence/Biofilm Phenotype-level

In vitro
phenotypic
validation

[25] Artini
(2018) P. aeruginosa Chemical + biofilm

phenotypic data
Essential oil

composition profiles
ML

classification GB FI + PDP Virulence/Biofilm Phenotype-level
In vitro

phenotypic
validation

[29] Burrows
(2026) Enterobacter spp. Genomic data Gene presence/

absence matrix
Unsupervised

ML NMF Phylons
(Gene clusters)

Pangenome
structure/AMR Gene-level Computational

validation

[30] Kim
(2024)

E. faecium
E. faecalis Genomic data

Gene/
Plasmid

presence-absence
Supervised ML LR; RF; GBDT MDI + Block

HSIC Lasso AMR prediction Operon/
Transposon level

Internal
cross-validation
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Table 1. Cont.

Ref. First Author
(Year) Pathogens Data Type Feature

Representation AI Architecture Tools Interpretability
Method (XAI)

Primary
Objective

Target-Level
Inference

Experimental
Validation

[31] Zhang
(2024) S. aureus Transcriptomics Gene expression

signatures Supervised ML
RF; LR;

XGBoost; SVM;
kNN

RFE + Network
Modules

Virulence
prioritization Gene-level Internal

cross-validation

[33] Boulaamane
(2024) A. baumannii Chemical screening

Molecular
descriptors +

docking
ML

RF; SVM;
kNN; GNB;

CNN
SAR + Docking Drug discovery Target-level

(OmpW)

In vitro
antibacterial

assays

[38] Li, C.
(2024)

E. coli
S. aureus Peptide library Sequence

descriptors DL RNN CS + Similarity
Analysis AMP discovery Sequence-level

In vitro
antibacterial

assays

[39] Bolatchiev
(2022)

K. pneumoniae
P. aeruginosa Peptide library Physicochemical

features DL RNN MD +
AlphaFold AMP discovery Sequence-level

In vitro and
in vivo

validation

[40] Mishra
(2025) S. aureus Peptide library

Physicochemical
descriptors +

peptide sequence
patterns

ML
optimization

k-means
clustering;
knowledge

graph-guided
sequence

optimization

AGO Patterns
+ t-SNE AMP discovery Sequence-level

In vivo
validation

(murine model)

[41] Zhao
(2025)

E. coli
S. aureus Peptide library Generative sequence

modeling Generative DL
CVAE +

conditional
diffusion model

Property
Preservation

Loss
AMP design Sequence-level In silico

validation

Legend: Whole-Genome Sequencing (WGS); RNA sequencing (RNA-seq); Machine Learning (ML); Deep Learning (DL); Antimicrobial Resistance (AMR); Antimicrobial Peptide
(AMP). Support Vector Machine (SVM); Random Subspace Ensemble (RSE); Artificial Neural Network (ANN); Neighboring Component Analysis (NCA); Random Forest (RF); Logistic
Regression (LR); Extreme Gradient Boosting (XGBoost); Gradient Boosting Decision Tree (GBDT); Deep Neural Network (DNN); Naive Bayes (NB); Independent Component Analysis
(ICA); Decision Tree (DT); Gradient Boosting (GB); k Nearest Neighbors (kNN); Non-negative Matrix Factorization (NMF); Gaussian Naive Bayes (GNB); Convolutional Neural
Network (CNN); Recurrent neural network (RNN); Conditional Variational Autoencoder (CVAE); Recursive Feature Elimination (RFE); Differential Gene Expression (DGE); Feature
Importance (FI); Partial Dependence Plots (PDP); Mean Decrease in Impurity (MDI); Structure-Activity Relationship (SAR); Confidence Scoring (CS); Molecular Dynamics (MD);
Amino Acid Group Occurrence (AGO); eXplainable AI (XAI).
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Table 2. Synthesis of dataset size, model type, and reported performance across AI studies.

Ref. Study Task Dataset Size Model Type Evaluation
Metrics

Reported
Performance

[18] Hyun et al., 2020 AMR
prediction

288 S. aureus;
456 P. aeruginosa; 1588

E. coli genomes
SVM-RSE Accuracy,

AUC, MCC

Acc: 79.3–99.5%,
AUC: 0.79–1.00,
MCC: 0.39–0.95

[19] Avershina et al.,
2021

AMR
prediction

90 E. coli;
76 K. pneumoniae

isolates
FFNN Accuracy

Acc: 94–100%
(WT/NWT),

91–99% (S/R)

[20] Li et al., 2023 AMR
prediction

1 WGS data
K. pneumoniae

RF, LR, SVM,
GBDT, XGBoost AUC AUC: 0.965–0.969

[21] Jia et al., 2024 MIC
prediction

518 clinical
A. baumannii isolates +
1978 public genomes

DNN + LR
Accuracy,

MIC within ±1
dilution

DNN Acc:
87.6–98.6%, MIC

Acc: 86.2%
(±1 dilution)

[22] Kula et al., 2026 AMR
prediction

414 P. aeruginosa
isolates

RF, LR, XGBoost,
NB

Accuracy,
Sensitivity,
Specificity

Acc: 77.6–98.8%,
Sens: 68.4–100%,
Spec: 78.8–95.8%

[23] Yu et al., 2023 Virulence
inference

506 S. aureus RNA-seq
datasets ICA N/A

Regulatory module
identified

(Sau-41)validated
experimentally

[24] Artini et al., 2022 Virulence/Biofilm
prediction

8 P. aeruginosa
strains

RF, LR, DT, GB,
SVM, kNN

Accuracy, MCC,
F1-score

Acc: 0.69–0.98,
MCC: 0.35–0.88,

F1: 0.59–0.99

[25] Artini et al., 2018 Virulence/Biofilm
prediction 1 P. aeruginosa GB MCC MCC: ~0.40–0.60

[29] Burrows et al.,
2026

Genomic
structure
inference

777 Enterobacter
genomes NMF

Accuracy,
FPR,
FPR

Acc: 90.5%,
FPR: 0.01,
FPR: 0.30

[30] Kim et al., 2024 AMR
prediction

309 E. faecium,
338 E. faecalis LR, RF, GBDT Accuracy Acc: 89.0–99.1%

[31] Zhang et al., 2024 Virulence
prediction

175 S. aureus RNA-seq
samples

RF, LR, XGBoost,
SVM, kNN

Accuracy,
AUC

Acc: 83–94%,
AUC: 0.92–0.97

[33] Boulaamane et al.,
2024

Drug
discovery

3196 compounds,
11,648 screened

RF, SVM, kNN,
GNB, CNN

AUC,
Accuracy,

MCC

AUC: 0.84–0.96,
CNN AUC: 0.96,

Acc: ~0.90;
MCC: ~0.80

[38] Li et al., 2024 AMP
generation

2253 training,
20,000 generated,

58 tested
RNN Accuracy Acc: 95.5–100%

[39] Bolatchiev et al.,
2022

AMP
generation

3100 training,
198 generated,

5 tested
RNN Hit rate,

MIC

Hit rate: 40%,
MIC: 2–8 µg/mL,

in vivo survival up
to 66.7%

[40] Mishra et al., 2025 AMP
optimization 14,743 AMPs k-means +

knowledge graph

MIC,
biofilm

reduction

MIC: 4–8 µg/mL,
biofilm ↓ 3–4 log10;
in vivo MRSA ↓ 2.3

log10

[41] Zhao et al., 2025 AMP
generation

2.3M UniProt
fragments; 4546

AMPs (GRAMPA)
CVAE + diffusion MSE, MAE,

MIC

MSE: 0.343–0.381,
MAE: 0.440–0.463,

MIC < 20 µM: 65.1%
(E. coli), 85.0%

(S. aureus)

Legend: Antimicrobial Resistance (AMR); Minimum Inhibitory Concentration (MIC); Area Under the Curve
(AUC); Matthews correlation coefficient (MCC); False Positive Rate (FPR); False Negative Rate (FNR); Random
Forest (FR); Logistic Regression (LR); Support Vector Machine (SVM); Gradient Boosting Decision Tree (GBDT);
Extreme Gradient Boosting (XGBoost); Naive Bayes (NB); Gaussian Naive Bayes (GNB); k-nearest neighbors
(kNN); Decision Tree (DT); Gradient Boosting (GB); Convolutional Neural Network (CNN); Recurrent Neural
Network (RNN); Feed-Forward Neural Network (FFNN); Deep Neural Network (DNN); Independent Component
Analysis (ICA); Non-negative Matrix Factorization (NMF); Conditional Variational Autoencoder (CVAE). Giant
Repository of AMP Activities (GRAMPA); Universal Protein Resource (UniProt), Not applicable (N/A). ↓ indicates
a decrease.
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Beyond genomic markers, XAI approaches must increasingly account for dynamic
functional layers. As highlighted by Aita et al. [26], genomic data define the genetic basis
of resistance but often fail to capture real-time protein-level adaptations. This limitation is
further compounded by cellular heterogeneity, where emerging approaches such as single-
cell proteomics require interpretability frameworks capable of distinguishing population-
level resistance from stochastic tolerance [27]. In this context, metabolic modeling represents
an important extension of XAI, moving from static biomarkers to functional fluxomics.
Peng et al. [28] demonstrated that AI can identify specific metabolic bottlenecks associated
with resistance—such as the suppression of the pyruvate cycle—effectively providing
a roadmap for metabolic adjuvant therapy to restore antibiotic susceptibility through
targeted reprogramming. Interpretability also plays a central role in mechanism-of-action
(MOA) inference. Frameworks such as CoHEC and the Clairvoyance algorithm [45] enable
the decomposition of complex predictions into interpretable decision paths, facilitating
the identification of novel MOA profiles, including those associated with compounds
such as darobactin. The development of standardized evaluation frameworks remains
essential to ensure that these predictions can be translated into biologically meaningful and
experimentally testable targets [46].

Ultimately, interpretability is emerging as a fundamental design principle in AI-
guided antimicrobial discovery, supporting the transition from predictive modeling toward
mechanistically informed and clinically relevant target identification.

4. Translational and Clinical Implementation Considerations
Despite rapid advances in AI for AMR prediction and target prioritization, translating

these computational advances into routine clinical practice remains challenging. Predictive
accuracy alone is insufficient; real-world implementation depends on validation, repro-
ducibility across institutions, workflow integration, interpretability, and infrastructural
readiness. As illustrated in Figure 3, progression from retrospective model development to
durable clinical deployment demands sequential advancement across validation, integra-
tion, governance, and monitoring.

Figure 3. Translational maturity framework for AI-driven antimicrobial resistance models.

4.1. Validation and Generalizability Across Clinical Settings

Many AI-based AMR studies rely on retrospective datasets evaluated through internal
cross-validation. While suitable for proof-of-concept development, such approaches do
not ensure robustness across heterogeneous healthcare environments [47,48]. Because
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resistance epidemiology is geographically and temporally dynamic, evaluation beyond
internal cross-validation is critical for clinical credibility.

Recent multicenter studies have begun to address this gap. Yong et al. [49] conducted
a randomized multicenter investigation integrating MALDI-TOF mass spectrometry with
ML for rapid screening of methicillin-resistant S. aureus, demonstrating reproducible perfor-
mance across independent laboratories. Rocchi et al. [50] evaluated ML models for predict-
ing K. pneumoniae resistance across multiple Italian centers, highlighting both feasibility and
variability in cross-site performance. Similarly, Wang et al. [51] compared ML algorithms for
predicting multidrug-resistant organism (MDRO) infections in a multicenter cohort, reveal-
ing performance differences linked to institutional case mix. Lee et al. [52] further demon-
strated performance variability in a dual-center validation study of multidrug-resistant
urinary tract infection prediction. Collectively, these findings indicate that multicenter
validation is a necessary but still insufficient step toward translational readiness.

Models trained on single-center datasets risk overfitting to local epidemiology and
laboratory practices, potentially limiting transferability across healthcare systems. More-
over, dataset shift and temporal variability can significantly affect model performance over
time, underscoring the need for continuous monitoring and recalibration strategies [53].

4.2. Integration into Clinical Microbiology and Stewardship Workflows

Robust validation alone does not guarantee clinical adoption. Even models demon-
strating robust performance across multicenter validation settings may fail to translate into
routine practice if they are not operationally compatible with laboratory turnaround times,
diagnostic infrastructure, and antimicrobial stewardship workflows [54,55]. Without struc-
tured integration, predictive systems remain confined to research environments despite
demonstrated performance.

Prospective implementation studies provide preliminary evidence of feasibility. El-
ligsen et al. [56] evaluated an ML-guided decision support system for empiric therapy in
Gram-negative bacteremia within a prospective clinical framework, demonstrating integra-
tion into routine care. Gómez De La Torre et al. [57] reported real-world applications of
an ML-based clinical decision support system in bacteremia management, emphasizing
interoperability with electronic health records and stewardship oversight.

At the laboratory level, Hu et al. [58] developed an mNGS-based ML model for rapid
antimicrobial susceptibility testing of A. baumannii, illustrating how validated genomic
prediction models can be embedded into diagnostic workflows. Similarly, Azami et al. [59]
described a Nanopore-based sequencing workflow (BacT-Seq) for pathogen identification
and resistance prediction directly from positive blood cultures, highlighting practical
considerations related to sequencing infrastructure, data pipelines, and turnaround time.
These approaches build upon ongoing efforts to integrate whole-genome sequencing into
clinical microbiology laboratories, including applications in outbreak investigation and
routine typing [60].

Translational success, therefore, remains contingent on the ability to embed validated
models within interoperable, stewardship-aligned clinical infrastructures. Despite these
advances, real-world implementations remain limited and are largely confined to pilot or
research settings.

4.3. Interpretability, Regulatory Requirements, and Clinical Accountability

Interpretability represents a critical determinant of clinical adoption. In antimicrobial
stewardship and resistance prediction, algorithmic outputs must be transparent and clini-
cally contextualized. Black-box models, even when accurate, may face resistance if their
predictions cannot be linked to recognizable clinical or microbiological variables [61].
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Reporting standards such as CONSORT-AI [62] aim to improve transparency and
methodological rigor in clinical AI research. In addition, risk-of-bias appraisal tools for
prediction models, such as PROBAST [63], support structured evaluation of methodological
quality and applicability.

At the model level, Yang et al. [64] demonstrated how feature attribution methods can
enhance interpretability in antibiotic effectiveness prediction. Goldschmidt et al. [65] further
highlighted the importance of clinician oversight in ML-based antibiotic appropriateness
assessment within intensive care settings.

Regulatory requirements further shape deployment. AI systems guiding antimicrobial
therapy are likely to be regulated as software-as-a-medical-device frameworks, requiring
reproducibility, validation, and post-deployment monitoring [65,66]. Continuous surveil-
lance mechanisms are therefore essential to detect model drift and preserve patient safety.
Ultimately, AI-driven AMR models must augment clinical expertise without displacing
professional judgment, while preserving accountability, governance, and patient safety.
These requirements further underscore that most AI-driven AMR systems remain at an
early stage of clinical translation.

4.4. Structural Barriers to Sustainable Deployment

Beyond methodological considerations, structural constraints may limit large-scale
implementation. Dataset representativeness remains a central concern, as many models
are developed using data from high-income healthcare systems, potentially restricting
applicability across diverse epidemiological settings and introducing risks of algorithmic
bias [47,67,68]. Temporal variability in resistance patterns introduces additional chal-
lenges related to dataset shift and model drift, necessitating ongoing recalibration [50].
Infrastructural and economic limitations—including sequencing capacity, computational
resources, and integration with laboratory information systems—may further constrain
deployment [58,59]. Finally, the absence of harmonized benchmarking frameworks, stan-
dardized reporting, and formal bias assessment tools continues to limit reproducibility and
cross-study comparability [48,63,69]. Addressing these systemic barriers will be essential
to prevent fragmentation of AI initiatives and to ensure equitable, durable implementation
across heterogeneous healthcare systems.

5. Limitations and Future Perspectives
Future developments in AI-driven antimicrobial resistance research will likely em-

phasize multi-modal data integration, scalable validation frameworks, and improved
generalizability across healthcare systems. Despite these advances, most currently avail-
able models still rely on single-layer datasets—predominantly genomic or transcriptomic
data—while comprehensive multi-omics integration remains relatively rare. In addition,
many models are affected by dataset biases, including class imbalance, population struc-
ture, and limited geographic diversity, which may constrain generalizability across clinical
settings. The incorporation of genomic, transcriptomic, and clinical metadata may enhance
mechanistic insight and predictive robustness beyond single-layer models [70]. Another
critical challenge concerns model interpretability and the distinction between predictive
associations and causal mechanisms, which remains a major limitation for clinical transla-
tion. Federated learning approaches could support multicenter model development while
addressing data privacy and representativeness challenges [71]. Future work should also
prioritize standardized benchmarking frameworks and harmonized evaluation metrics
to improve reproducibility and cross-study comparability. Ultimately, sustained clinical
impact will depend on prospective evaluation, adaptive model updating strategies to
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account for evolving resistance patterns, and alignment with global antimicrobial resistance
surveillance initiatives [52,66].

6. Conclusions
AI is reshaping antimicrobial resistance research in ESKAPE pathogens, enabling

predictive prioritization of resistance and virulence determinants and accelerating antimi-
crobial discovery. However, methodological sophistication alone does not ensure clinical
impact. Sustainable translation requires rigorous validation, interpretability, and account-
able implementation within healthcare systems [72]. In light of the substantial and rising
global burden of bacterial antimicrobial resistance projected through mid-century [73],
the ultimate value of AI will depend on its capacity to bridge predictive modeling with
mechanistic insight and real-world stewardship integration.
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25. Artini, M.; Patsilinakos, A.; Papa, R.; Božović, M.; Sabatino, M.; Garzoli, S.; Vrenna, G.; Tilotta, M.; Pepi, F.; Ragno, R.;
et al. Antimicrobial and Antibiofilm Activity and Machine Learning Classification Analysis of Essential Oils from Different
Mediterranean Plants against Pseudomonas aeruginosa. Molecules 2018, 23, 482. [CrossRef] [PubMed]

26. Aita, S.E.; Ristori, M.V.; Cristiano, A.; Marfoli, T.; De Cesaris, M.; La Vaccara, V.; Cammarata, R.; Caputo, D.; Spoto, S.; Angeletti,
S. Proteomic Insights into Bacterial Responses to Antibiotics: A Narrative Review. Int. J. Mol. Sci. 2025, 26, 7255. [CrossRef]
[PubMed]

27. Ayon, N.J. Bacterial Proteomics and Antibiotic Resistance Identification: Is Single-Cell Analysis a Worthwhile Pursuit? Pathogens
2025, 14, 1127. [CrossRef]

28. Peng, B.; Li, H.; Peng, X. Understanding Metabolic Resistance Strategy of Clinically Isolated Antibiotic-Resistant Bacteria by
Proteomic Approach. Expert Rev. Proteom. 2024, 21, 377–386. [CrossRef]

29. Burrows, J.T.; Li, G.; Monk, J.M.; Chauhan, S.M.; Palsson, B.O. Structure of the Enterobacter Pan-Genome Is Revealed Using
Machine Learning. Microbiol. Spectr. 2026, 14, e01922–e01925. [CrossRef] [PubMed]

30. Kim, J.I.; Manuele, A.; Maguire, F.; Zaheer, R.; McAllister, T.A.; Beiko, R.G. Identification of Key Drivers of Antimicrobial
Resistance in Enterococcus Using Machine Learning. Can. J. Microbiol. 2024, 70, 446–460. [CrossRef]

31. Zhang, Z.; Chen, G.; Hussain, W.; Pan, Y.; Yang, Z.; Liu, Y.; Li, E. Machine Learning and Network Analysis with Focus on the
Biofilm in Staphylococcus aureus. Comput. Struct. Biotechnol. J. 2024, 23, 4148–4160. [CrossRef]

32. Stokes, J.M.; Yang, K.; Swanson, K.; Jin, W.; Cubillos-Ruiz, A.; Donghia, N.M.; MacNair, C.R.; French, S.; Carfrae, L.A.; Bloom-
Ackermann, Z.; et al. A Deep Learning Approach to Antibiotic Discovery. Cell 2020, 180, 688–702.e13. [CrossRef]

https://doi.org/10.3390/antibiotics15050469

https://doi.org/10.1186/s40168-018-0401-z
https://doi.org/10.1093/bioinformatics/btz067
https://doi.org/10.3390/ijms25137228
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41592-023-02086-5
https://doi.org/10.1126/science.ade2574
https://www.ncbi.nlm.nih.gov/pubmed/36927031
https://doi.org/10.1136/bmj.n71
https://www.ncbi.nlm.nih.gov/pubmed/33782057
https://doi.org/10.1371/journal.pcbi.1007608
https://doi.org/10.1016/j.csbj.2021.03.027
https://doi.org/10.1099/jmm.0.001657
https://www.ncbi.nlm.nih.gov/pubmed/36753438
https://doi.org/10.1128/aac.01446-24
https://doi.org/10.1177/15578100251408284
https://doi.org/10.1080/21505594.2023.2228657
https://doi.org/10.3390/microorganisms10050887
https://doi.org/10.3390/molecules23020482
https://www.ncbi.nlm.nih.gov/pubmed/29473844
https://doi.org/10.3390/ijms26157255
https://www.ncbi.nlm.nih.gov/pubmed/40806388
https://doi.org/10.3390/pathogens14111127
https://doi.org/10.1080/14789450.2024.2413439
https://doi.org/10.1128/spectrum.01922-25
https://www.ncbi.nlm.nih.gov/pubmed/41395970
https://doi.org/10.1139/cjm-2024-0049
https://doi.org/10.1016/j.csbj.2024.11.011
https://doi.org/10.1016/j.cell.2020.01.021
https://doi.org/10.3390/antibiotics15050469


Antibiotics 2026, 15, 469 19 of 20

33. Boulaamane, Y.; Molina Panadero, I.; Hmadcha, A.; Atalaya Rey, C.; Baammi, S.; El Allali, A.; Maurady, A.; Smani, Y. Antibiotic
Discovery with Artificial Intelligence for the Treatment of Acinetobacter baumannii Infections. mSystems 2024, 9, e00325-24.
[CrossRef]

34. Liu, G.; Catacutan, D.B.; Rathod, K.; Swanson, K.; Jin, W.; Mohammed, J.C.; Chiappino-Pepe, A.; Syed, S.A.; Fragis, M.;
Rachwalski, K.; et al. Deep Learning-Guided Discovery of an Antibiotic Targeting Acinetobacter baumannii. Nat. Chem. Biol. 2023,
19, 1342–1350. [CrossRef]

35. Wang, G.; Li, X.; Wang, Z. APD3: The Antimicrobial Peptide Database as a Tool for Research and Education. Nucleic Acids Res.
2016, 44, D1087–D1093. [CrossRef]

36. Mahlapuu, M.; Håkansson, J.; Ringstad, L.; Björn, C. Antimicrobial Peptides: An Emerging Category of Therapeutic Agents.
Front. Cell. Infect. Microbiol. 2016, 6, 194. [CrossRef]

37. Bastos, P.; Trindade, F.; Ferreira, R.; Casteleiro, M.A.; Stevens, R.; Klein, J.; Vitorino, R. Unveiling Antimicrobial Peptide–Generating
Human Proteases Using PROTEASIX. J. Proteom. 2018, 171, 53–62. [CrossRef] [PubMed]

38. Li, C.; Sutherland, D.; Richter, A.; Coombe, L.; Yanai, A.; Warren, R.L.; Kotkoff, M.; Hof, F.; Hoang, L.M.N.; Helbing, C.C.; et al.
De Novo Synthetic Antimicrobial Peptide Design with a Recurrent Neural Network. Protein Sci. 2024, 33, e5088. [CrossRef]

39. Bolatchiev, A.; Baturin, V.; Shchetinin, E.; Bolatchieva, E. Novel Antimicrobial Peptides Designed Using a Recurrent Neural
Network Reduce Mortality in Experimental Sepsis. Antibiotics 2022, 11, 411. [CrossRef] [PubMed]

40. Mishra, B.; Basu, A.; Shehadeh, F.; Felix, L.; Kollala, S.S.; Chhonker, Y.S.; Naik, M.T.; Dellis, C.; Zhang, L.; Ganesan, N.; et al.
Antimicrobial Peptide Developed with Machine Learning Sequence Optimization Targets Drug Resistant Staphylococcus Aureus in
Mice. J. Clin. Invest. 2025, 135, e185430. [CrossRef]

41. Zhao, W.; Hou, K.; Tang, C.; Shen, Y.; Liu, J.; Hu, X. A Novel Generative Framework for Designing Pathogen-Targeted
Antimicrobial Peptides with Programmable Physicochemical Properties. PLoS Comput. Biol. 2025, 21, e1013833. [CrossRef]
[PubMed]

42. Babuççu, G.; Vavilthota, N.; Bournez, C.; De Boer, L.; Cordfunke, R.A.; Nibbering, P.H.; Van Westen, G.J.P.; Drijfhout, J.W.; Zaat,
S.A.J.; Riool, M. Machine Learning-Identified Potent Antimicrobial Peptides Against Multidrug-Resistant Bacteria and Skin
Infections. Antibiotics 2025, 14, 1172. [CrossRef]

43. Alizadehsani, R.; Oyelere, S.S.; Hussain, S.; Calixto, R.R.; de Albuquerque, V.H.C.; Roshanzamir, M.; Rahouti, M.; Jagatheesaperu-
mal, S.K. Explainable Artificial Intelligence for Drug Discovery and Development—A Comprehensive Survey. IEEE 2024, 12,
35796–35812. [CrossRef]

44. Hassija, V.; Chamola, V.; Mahapatra, A.; Singal, A.; Goel, D.; Huang, K.; Scardapane, S.; Spinelli, I.; Mahmud, M.; Hussain, A.
Interpreting Black-Box Models: A Review on Explainable Artificial Intelligence. Cogn. Comput. 2024, 16, 45–74. [CrossRef]

45. Espinoza, J.L.; Dupont, C.L.; O’Rourke, A.; Beyhan, S.; Morales, P.; Spoering, A.; Meyer, K.J.; Chan, A.P.; Choi, Y.; Nierman, W.C.;
et al. Predicting Antimicrobial Mechanism-of-Action from Transcriptomes: A Generalizable Explainable Artificial Intelligence
Approach. PLoS Comput. Biol. 2021, 17, e1008857. [CrossRef]

46. Lluka, T.; Stokes, J.M. Antibiotic Discovery in the Artificial Intelligence Era. Ann. N. Y. Acad. Sci. 2023, 1519, 74–93. [CrossRef]
[PubMed]

47. Wiens, J.; Saria, S.; Sendak, M.; Ghassemi, M.; Liu, V.X.; Doshi-Velez, F.; Jung, K.; Heller, K.; Kale, D.; Saeed, M.; et al. Do No
Harm: A Roadmap for Responsible Machine Learning for Health Care. Nat. Med. 2019, 25, 1337–1340. [CrossRef]

48. Kelly, C.J.; Karthikesalingam, A.; Suleyman, M.; Corrado, G.; King, D. Key Challenges for Delivering Clinical Impact with
Artificial Intelligence. BMC Med. 2019, 17, 195. [CrossRef]

49. Yong, D.; Park, J.S.; Kim, K.; Seo, D.; Kim, D.-C.; Kim, J.-S.; Park, J.-M. Rapid Screening of Methicillin-Resistant Staphylococcus
aureus Using MALDI-TOF MS and Machine Learning: A Randomized, Multicenter Study. Anal. Chem. 2025, 97, 15667–15675.
[CrossRef]

50. Rocchi, E.; Nicitra, E.; Calvo, M.; Cento, V.; Peiretti, L.; Asif, Z.; Menchinelli, G.; Posteraro, B.; Sala, C.; Colosimo, C.; et al.
Combining Mass Spectrometry and Machine Learning Models for Predicting Klebsiella Pneumoniae Antimicrobial Resistance: A
Multicenter Experience from Clinical Isolates in Italy. BMC Microbiol. 2026, 26, 180. [CrossRef]

51. Wang, H.; Yang, C.; Zhao, M.; Ren, F.; Wang, X.; Yan, H.; Qin, W.; Tian, F.; Li, L. Comparison and Validation of Multiple Machine
Learning Algorithms for Predicting MDRO Infection in Catheter-Related Bloodstream Patients: A Multicenter Cohort Study.
Microbiol. Spectr. 2026, 14, e03713-25. [CrossRef] [PubMed]

52. Lee, S.J.; Yoon, H.; Shin, J.C.; Cho, S.-R. Machine Learning Prediction of Multidrug-Resistant Urinary Tract Infections in Brain and
Spinal Cord Injury Patients: A Dual-Center Validation Study. Int. J. Med. Inf. 2026, 206, 106143. [CrossRef]

53. Finlayson, S.G.; Subbaswamy, A.; Singh, K.; Bowers, J.; Kupke, A.; Zittrain, J.; Kohane, I.S.; Saria, S. The Clinician and Dataset
Shift in Artificial Intelligence. N. Engl. J. Med. 2021, 385, 283–286. [CrossRef]

54. Van Belkum, A.; Dunne, W.M. Next-Generation Antimicrobial Susceptibility Testing. J. Clin. Microbiol. 2013, 51, 2018–2024.
[CrossRef] [PubMed]

https://doi.org/10.3390/antibiotics15050469

https://doi.org/10.1128/msystems.00325-24
https://doi.org/10.1038/s41589-023-01349-8
https://doi.org/10.1093/nar/gkv1278
https://doi.org/10.3389/fcimb.2016.00194
https://doi.org/10.1016/j.jprot.2017.02.016
https://www.ncbi.nlm.nih.gov/pubmed/28254676
https://doi.org/10.1002/pro.5088
https://doi.org/10.3390/antibiotics11030411
https://www.ncbi.nlm.nih.gov/pubmed/35326874
https://doi.org/10.1172/JCI185430
https://doi.org/10.1371/journal.pcbi.1013833
https://www.ncbi.nlm.nih.gov/pubmed/41460918
https://doi.org/10.3390/antibiotics14111172
https://doi.org/10.1109/ACCESS.2024.3373195
https://doi.org/10.1007/s12559-023-10179-8
https://doi.org/10.1371/journal.pcbi.1008857
https://doi.org/10.1111/nyas.14930
https://www.ncbi.nlm.nih.gov/pubmed/36447334
https://doi.org/10.1038/s41591-019-0548-6
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1021/acs.analchem.5c01286
https://doi.org/10.1186/s12866-025-04657-2
https://doi.org/10.1128/spectrum.03713-25
https://www.ncbi.nlm.nih.gov/pubmed/41670376
https://doi.org/10.1016/j.ijmedinf.2025.106143
https://doi.org/10.1056/NEJMc2104626
https://doi.org/10.1128/JCM.00313-13
https://www.ncbi.nlm.nih.gov/pubmed/23486706
https://doi.org/10.3390/antibiotics15050469


Antibiotics 2026, 15, 469 20 of 20

55. Köser, C.U.; Ellington, M.J.; Cartwright, E.J.P.; Gillespie, S.H.; Brown, N.M.; Farrington, M.; Holden, M.T.G.; Dougan, G.; Bentley,
S.D.; Parkhill, J.; et al. Routine Use of Microbial Whole Genome Sequencing in Diagnostic and Public Health Microbiology. PLoS
Pathog. 2012, 8, e1002824. [CrossRef]

56. Elligsen, M.; Pinto, R.; Leis, J.A.; Walker, S.A.N.; Daneman, N.; MacFadden, D.R. Improving Decision Making in Empiric
Antibiotic Selection (IDEAS) for Gram-Negative Bacteremia: A Prospective Clinical Implementation Study. Clin. Infect. Dis. 2021,
73, e417–e425. [CrossRef]

57. Gómez De La Torre, J.C.G.D.L.; Frenkel, A.; Chavez-Lencinas, C.; Rendon, A.; Higuchi, Y.; Vela-Ruiz, J.M.; Calpey, J.; Beaton, R.;
Elijah, I.; Shachar, I.; et al. Guiding Antibiotic Therapy with Machine Learning: Real-World Applications of a CDSS in Bacteremia
Management. Life 2025, 15, 1756. [CrossRef]

58. Hu, X.; Zhao, Y.; Han, P.; Liu, S.; Liu, W.; Mai, C.; Deng, Q.; Ren, J.; Luo, J.; Chen, F.; et al. Novel Clinical mNGS-Based
Machine Learning Model for Rapid Antimicrobial Susceptibility Testing of Acinetobacter baumannii. J. Clin. Microbiol. 2023, 61,
e01805–e01822. [CrossRef]

59. Azami, M.E.; Lanet, V.; Beaulieu, C.; Griffon, A.; Schicklin, S.; Mahé, P.; Darnaud, M.; Helsmoortel, M.; Sentausa, E.; Saliou,
A.; et al. BacT-Seq, a Nanopore-Based Whole-Genome Sequencing Workflow Prototype for Rapid and Accurate Pathogen
Identification and Resistance Prediction from Positive Blood Cultures: A Feasibility Study. Diagnostics 2026, 16, 133. [CrossRef]

60. Dylus, D.; Pillonel, T.; Opota, O.; Wüthrich, D.; Seth-Smith, H.M.B.; Egli, A.; Leo, S.; Lazarevic, V.; Schrenzel, J.; Laurent, S.; et al.
NGS-Based S. Aureus Typing and Outbreak Analysis in Clinical Microbiology Laboratories: Lessons Learned From a Swiss-Wide
Proficiency Test. Front. Microbiol. 2020, 11, 591093. [CrossRef]

61. Rudin, C. Stop Explaining Black Box Machine Learning Models for High Stakes Decisions and Use Interpretable Models Instead.
Nat. Mach. Intell. 2019, 1, 206–215. [CrossRef] [PubMed]

62. Liu, X.; Cruz Rivera, S.; Moher, D.; Calvert, M.J.; Denniston, A.K.; The SPIRIT-AI and CONSORT-AI Working Group; SPIRIT-AI
and CONSORT-AI Steering Group; Chan, A.-W.; Darzi, A.; Holmes, C.; et al. Reporting Guidelines for Clinical Trial Reports for
Interventions Involving Artificial Intelligence: The CONSORT-AI Extension. Nat. Med. 2020, 26, 1364–1374. [CrossRef]

63. Wolff, R.F.; Moons, K.G.M.; Riley, R.D.; Whiting, P.F.; Westwood, M.; Collins, G.S.; Reitsma, J.B.; Kleijnen, J.; Mallett, S.; for the
PROBAST Group. PROBAST: A Tool to Assess the Risk of Bias and Applicability of Prediction Model Studies. Ann. Intern. Med.
2019, 170, 51–58. [CrossRef] [PubMed]

64. Yang, J.; Eyre, D.W.; Lu, L.; Clifton, D.A. Interpretable Machine Learning-Based Decision Support for Prediction of Antibiotic
Resistance for Complicated Urinary Tract Infections. Npj Antimicrob. Resist. 2023, 1, 14. [CrossRef]

65. Goldschmidt, E.; Rannon, E.; Bernstein, D.; Wasserman, A.; Roimi, M.; Shrot, A.; Coster, D.; Shamir, R. Predicting Appropriateness
of Antibiotic Treatment among ICU Patients with Hospital-Acquired Infection. Npj Digit. Med. 2025, 8, 87. [CrossRef]

66. U.S. Food and Drug Administration (FDA). Proposed Regulatory Framework for Modifications to Artificial Intelligence/Machine Learning
(AI/ML)-Based Software as a Medical Device (SaMD): Discussion Paper and Request for Feedback; FDA: Silver Spring, MD, USA, 2019.
Available online: https://www.Fda.Gov/Media/122535/Download (accessed on 5 March 2026).

67. Murray, C.J.L.; Ikuta, K.S.; Sharara, F.; Swetschinski, L.; Robles Aguilar, G.; Gray, A.; Han, C.; Bisignano, C.; Rao, P.; Wool, E.; et al.
Global Burden of Bacterial Antimicrobial Resistance in 2019: A Systematic Analysis. Lancet 2022, 399, 629–655. [CrossRef]

68. Obermeyer, Z.; Powers, B.; Vogeli, C.; Mullainathan, S. Dissecting Racial Bias in an Algorithm Used to Manage the Health of
Populations. Science 2019, 366, 447–453. [CrossRef] [PubMed]

69. Collins, G.S.; Reitsma, J.B.; Altman, D.G.; Moons, K.G.M. Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD): The TRIPOD Statement. Ann. Intern. Med. 2015, 162, 55–63. [CrossRef] [PubMed]

70. Hasin, Y.; Seldin, M.; Lusis, A. Multi-Omics Approaches to Disease. Genome Biol. 2017, 18, 83. [CrossRef]
71. Rieke, N.; Hancox, J.; Li, W.; Milletarì, F.; Roth, H.R.; Albarqouni, S.; Bakas, S.; Galtier, M.N.; Landman, B.A.; Maier-Hein, K.; et al.

The Future of Digital Health with Federated Learning. Npj Digit. Med. 2020, 3, 119. [CrossRef] [PubMed]
72. Topol, E.J. High-Performance Medicine: The Convergence of Human and Artificial Intelligence. Nat. Med. 2019, 25, 44–56.

[CrossRef]
73. Naghavi, M.; Vollset, S.E.; Ikuta, K.S.; Swetschinski, L.R.; Gray, A.P.; Wool, E.E.; Robles Aguilar, G.; Mestrovic, T.; Smith, G.; Han,

C.; et al. Global Burden of Bacterial Antimicrobial Resistance 1990–2021: A Systematic Analysis with Forecasts to 2050. Lancet
2024, 404, 1199–1226. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/antibiotics15050469

https://doi.org/10.1371/journal.ppat.1002824
https://doi.org/10.1093/cid/ciaa921
https://doi.org/10.3390/life15111756
https://doi.org/10.1128/jcm.01805-22
https://doi.org/10.3390/diagnostics16010133
https://doi.org/10.3389/fmicb.2020.591093
https://doi.org/10.1038/s42256-019-0048-x
https://www.ncbi.nlm.nih.gov/pubmed/35603010
https://doi.org/10.1038/s41591-020-1034-x
https://doi.org/10.7326/M18-1376
https://www.ncbi.nlm.nih.gov/pubmed/30596875
https://doi.org/10.1038/s44259-023-00015-2
https://doi.org/10.1038/s41746-024-01426-9
https://www.Fda.Gov/Media/122535/Download
https://doi.org/10.1016/S0140-6736(21)02724-0
https://doi.org/10.1126/science.aax2342
https://www.ncbi.nlm.nih.gov/pubmed/31649194
https://doi.org/10.7326/M14-0697
https://www.ncbi.nlm.nih.gov/pubmed/25560714
https://doi.org/10.1186/s13059-017-1215-1
https://doi.org/10.1038/s41746-020-00323-1
https://www.ncbi.nlm.nih.gov/pubmed/33015372
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1016/S0140-6736(24)01867-1
https://doi.org/10.3390/antibiotics15050469

	Introduction 
	Methodological Approach 
	Search Strategy and Selection Criteria 
	Inclusion and Exclusion Criteria 
	Study Selection and Data Extraction 

	AI-Driven Frameworks for Predictive Target Discovery in ESKAPE Pathogens 
	Sequence-Based AI Models for Resistance Determinant Prioritization 
	Transcriptomic AI Frameworks for Resistance and Virulence Regulatory Inference 
	Network-Based and Systems-Level AI Frameworks for Target Prioritization 
	AI-Guided Antibiotic and Antimicrobial Peptide Discovery 
	Bridging the Interpretability Gap: The Role of eXplainable AI (XAI) in Target Discovery 

	Translational and Clinical Implementation Considerations 
	Validation and Generalizability Across Clinical Settings 
	Integration into Clinical Microbiology and Stewardship Workflows 
	Interpretability, Regulatory Requirements, and Clinical Accountability 
	Structural Barriers to Sustainable Deployment 

	Limitations and Future Perspectives 
	Conclusions 
	References

