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ABSTRACT
Antimicrobial resistance now kills more people each year than either HIV/AIDS or malaria, yet the antibiotic
development pipeline has thinned for decades because conventional discovery economics discourage investment
in short-course, curative therapies. Machine learning-assisted drug repurposing, which screens existing,
already-approved compounds against new microbial targets computationally before any wet-lab work begins, has
been proposed repeatedly as a faster and cheaper route to new antimicrobial leads, but the field's evidence base
is scattered across heterogeneous study designs, target sets and validation standards that make its real track
record difficult to assess. We conducted a systematic review of machine learning-assisted drug repurposing
studies targeting ESKAPE pathogens (Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae,
Acinetobacter baumannii, Pseudomonas aeruginosa and Enterobacter species) published between 2015 and
2025, screening 1,842 records and retaining 61 studies meeting predefined methodological inclusion criteria, and
complemented this review with our own graph neural network drug-target interaction screen applied to 2,156
approved, non-antibiotic compounds against 34 priority AMR drug targets curated from the included literature.
Across the reviewed studies, graph neural network and other deep-learning architectures increasingly
outperformed classical machine learning baselines (random forest, support vector machine) on held-out
drug-target interaction benchmarks, but only 18 of 61 studies (29.5%) reported any wet-lab validation of a top
computational hit, and of those, 11 (61%) reported an experimentally confirmed minimum inhibitory concentration
within a clinically plausible range. Our own screen nominated 14 high-confidence repurposing candidates, of
which we selected four for retrospective literature cross-checking; two (auranofin and niclosamide) had
independent prior experimental support against at least one ESKAPE target, partially validating the screen's face
validity without constituting new wet-lab evidence. We conclude that machine learning-assisted repurposing is a
genuinely productive hit-generation strategy but remains bottlenecked by inconsistent, often absent experimental
validation, and we propose a minimum reporting and validation standard to make future studies more comparable
and more useful to downstream experimentalists.
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The World Health Organization and multiple national
health agencies have for years described antimicrobial
resistance as one of the top global public health threats,
and recent global burden estimates attribute more than a
million deaths annually directly to drug-resistant bacterial
infections, with several million more deaths associated
with resistance as a contributing factor [1,2]. Against this
backdrop, the antibacterial drug development pipeline
has thinned steadily since the 1980s, driven less by a
lack of biological targets than by an economic model in
which a novel antibiotic, ideally held in reserve rather
than used widely to slow resistance emergence,
generates far less return than a chronic-disease therapy
taken indefinitely; several major pharmaceutical
companies have exited antibacterial discovery entirely
over the past two decades as a direct consequence
[3,4].
Drug repurposing, screening compounds already
approved for other indications against a new target or
pathogen, sidesteps much of this economic problem
because repurposed compounds carry established
human safety and pharmacokinetic data, dramatically
shortening and cheapening the path from computational
hit to clinical evaluation relative to a novel chemical entity
[5,6]. Machine learning has been applied to repurposing
screens with increasing sophistication over the past
decade, progressing from simple structural-similarity and
chemogenomic approaches toward graph neural
networks and other deep-learning architectures that
learn directly from drug-target interaction networks,
molecular graphs and, increasingly, protein structure
predictions generated by tools such as AlphaFold [7,8,9].
Several high-profile computational screens have
nominated existing drugs as candidate antimicrobials
against priority pathogens, and at least one
deep-learning-derived candidate, halicin, generated
substantial attention after showing broad-spectrum
antibacterial activity in subsequent wet-lab testing
following a neural-network screen of a repurposing
library [10].
Despite this activity, the field lacks a systematic
accounting of how often machine learning-assisted
repurposing screens targeting antimicrobial resistance
actually progress to experimental validation, and how
often that validation succeeds when it is attempted.
Narrative reviews of the space exist, but a
methodologically systematic review applying consistent
inclusion criteria, extracting model architecture,
validation status and outcome data in a standardised
way, and covering the specific and clinically dominant
ESKAPE pathogen group, has been missing, leaving
both computational researchers and prospective
experimental collaborators without a clear evidence base
for how much confidence to place in a given repurposing
prediction [11,12].
This review had three aims. First, to systematically
identify and characterise machine learning-assisted drug
repurposing studies targeting ESKAPE pathogens

published over the past decade, extracting model
architecture, target selection strategy, and validation
status in a standardised way. Second, to quantify how
frequently computational hits from these studies were
subjected to wet-lab validation, and how often that
validation succeeded. Third, to complement this
literature-derived picture with an independent graph
neural network repurposing screen of our own, applied to
a broad approved-drug library against a curated set of
priority AMR targets drawn from the included studies,
both to illustrate current methodology in practice and to
provide a further, if modest, test of whether
computational hit nomination alone predicts genuine
antimicrobial potential.

2. MATERIALS AND METHODS

This review combined a systematic literature search and
screening process, conducted following a pre-registered
protocol adapted from PRISMA guidance for reviews with
a methodological rather than purely clinical outcome
focus, with an original computational drug-target
interaction screen designed to complement and partially
test conclusions drawn from the literature.

2.1 Search strategy and eligibility criteria

PubMed, Scopus, Web of Science and IEEE Xplore were
searched for records published between January 2015
and June 2025 combining terms for machine learning or
deep learning, drug repurposing, and each of the six
ESKAPE pathogens or the ESKAPE acronym itself.
Studies were eligible if they applied a machine learning
or deep learning model to prioritise existing,
non-antibacterial-indicated approved drugs against at
least one ESKAPE pathogen target or whole-cell
phenotype, and reported sufficient methodological detail
to classify model architecture and validation status.
Studies limited to purely structural docking without a
learned model, and studies targeting only de novo
chemical entities rather than repurposing candidates,
were excluded.

2.2 Screening and data extraction

Titles and abstracts were screened independently by two
reviewers, with disagreements resolved by discussion
and, where needed, a third reviewer; full-text review
followed the same double-screening process. For each
included study, we extracted model architecture class
(classical machine learning, deep neural network, graph
neural network, or hybrid/ensemble), target pathogen(s)
and target class (enzymatic, membrane, ribosomal,
efflux-pump or other), training data source, number of
computational hits reported, whether any hit underwent
wet-lab validation, and, where validation was reported, its
outcome (confirmed activity within a pre-specified
minimum inhibitory concentration threshold, weak or
inconsistent activity, or no activity).

2.3 Graph neural network repurposing screen
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We trained a graph neural network drug-target
interaction model on a curated dataset combining
DrugBank-derived drug structures, STITCH and
BindingDB interaction records, and AlphaFold-predicted
structures for 34 priority AMR drug targets identified
across the included literature (spanning cell-wall
biosynthesis enzymes, efflux pump components,
ribosomal targets and two-component regulatory
systems). The model represented each drug as a
molecular graph and each target as a graph derived from
predicted protein structure, learning a joint
interaction-scoring function via message-passing graph
convolution layers following an architecture broadly
similar to published graph neural network repurposing
frameworks [13,14]. The model was trained on 80% of
known interaction pairs and validated on a held-out 20%
split, with performance assessed by area under the
receiver operating characteristic curve (AUROC) and
area under the precision-recall curve (AUPRC).

2.4 Candidate screening and cross-validation against the
literature

The trained model was applied to score 2,156 approved,
non-antibacterial-indicated compounds from the
DrugBank approved-drug list against all 34 targets, and
the top-ranked 14 drug-target pairs by predicted
interaction score, applying a minimum score threshold
set at the 99th percentile of the training distribution, were
retained as high-confidence candidates. For four of these
fourteen, selected to span a range of target classes, we
conducted a targeted retrospective literature search to
determine whether independent experimental evidence
of antimicrobial activity against the relevant ESKAPE
pathogen already existed, as a face-validity check on the
screen rather than new experimental validation.

2.5 Statistical analysis

Proportions (validation rate, success rate given
validation) are reported with Wilson score 95%
confidence intervals. Trends in model architecture over
the study period were assessed by linear regression of
architecture-class proportion against publication year. All
analyses were performed in R version 4.3 and Python
3.11.

3. RESULTS

The systematic search returned 1,842 unique records
after de-duplication. Following title/abstract and full-text
screening, 61 studies met inclusion criteria and were
retained for data extraction (Table 1 summarises study
characteristics by publication period). Model architecture
shifted markedly over the study window: classical
machine learning approaches accounted for 78% of
included studies published in 2015-2018 but only 24% of
those published in 2022-2025, with graph neural network
and other deep-learning architectures accounting for the
corresponding increase (linear regression of
deep-learning-architecture proportion against publication
year, R2=0.71, P<0.001). Staphylococcus aureus and

Klebsiella pneumoniae were the most frequently targeted
pathogens (44 and 38 of 61 studies respectively; studies
could target more than one pathogen), while
Enterococcus faecium was the least represented (9 of 61
studies).
Table 1. Included study characteristics by publication
period (n=61 studies).

Period
Studies
(n)

Deep
learning
architect
ure (%)

Reported
wet-lab
validation
(%)

Validation
success
(%)

2015-2018 9 22% 22% 50%

2019-2021 22 50% 27% 67%

2022-2025 30 76% 33% 60%

Overall 61 56% 29.5% 61.1%

Deep learning architecture includes graph neural network and
other neural-network-based models; classical machine learning
(random forest, SVM, etc.) makes up the remainder.

Wet-lab validation of at least one computational hit was
reported in only 18 of 61 studies (29.5%, 95% CI
19.7-41.9%), and this proportion did not improve
significantly across the study period (P=0.34), meaning
the shift toward more sophisticated model architectures
was not accompanied by a parallel increase in
experimental follow-through. Among the 18 validated
studies, 11 (61.1%, 95% CI 38.6-79.7%) reported at least
one hit with an experimentally confirmed minimum
inhibitory concentration falling within a range the original
authors characterised as clinically plausible for the target
pathogen; the remaining 7 reported weak, inconsistent,
or no confirmed activity for their top computational
candidates despite favourable in silico scores. Figure 1
summarises validation and success rates by model
architecture class; graph neural network studies were
more likely to report validation than classical machine
learning studies (41% versus 19%, Fisher's exact test
P=0.04) but showed a similar success rate given that
validation was attempted.

Figure 1. Proportion of included studies reporting wet-lab
validation, and validation success rate given that it was attempted,
stratified by model architecture class (classical machine learning
vs deep learning/graph neural network), 2015-2025 (n=61 studies;
error bars show Wilson score 95% CI).

Our own graph neural network model achieved an
AUROC of 0.887 and AUPRC of 0.612 on the held-out
validation split, broadly in line with performance figures
reported by the strongest architectures identified in the
literature review. Applied to the full approved-drug library
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against the 34 curated AMR targets, the model
nominated 14 high-confidence drug-target pairs after
threshold filtering (Table 2), spanning cell-wall
biosynthesis, efflux-pump and two-component regulatory
targets across five of the six ESKAPE pathogens; no
high-confidence hit was nominated against Enterococcus
faecium targets, consistent with that pathogen's
under-representation in the training data drawn from the
included literature.
Table 2. Top-ranked drug repurposing candidates from the
graph neural network screen (14 high-confidence pairs, 4
spot-checked).

Compound
Target
pathogen

Target class

Independent
prior
evidence
found

Auranofin
Staphylococcus
aureus

Thioredoxin
reductase

Yes

Niclosamide
Pseudomonas
aeruginosa

Efflux-pump
associated

Yes

Candidate C
(withheld)

Klebsiella
pneumoniae

Cell-wall
biosynthesis

None found

Candidate D
(withheld)

Acinetobacter
baumannii

Two-componen
t regulator

None found

Retrospective literature cross-checking of four selected
candidates, chosen to span target classes, found
independent prior experimental support for two:
auranofin, nominated against a Staphylococcus aureus
thioredoxin-reductase-family target, has prior published
evidence of antistaphylococcal activity at clinically
relevant concentrations from unrelated repurposing
screens, and niclosamide, nominated against a
Pseudomonas aeruginosa efflux-pump-associated
target, has prior evidence of activity against P.
aeruginosa biofilms. The remaining two candidates,
nominated against Klebsiella pneumoniae and
Acinetobacter baumannii targets respectively, had no
clear independent experimental precedent identified in
our targeted search, leaving their status as genuinely
novel, unvalidated predictions pending future wet-lab
testing.

4. DISCUSSION

The clearest pattern to emerge from this review is a
widening gap between computational sophistication and
experimental follow-through. Model architectures have
moved decisively toward graph neural networks and
other deep-learning approaches over the past decade,
and these architectures do appear to deliver modestly
better held-out benchmark performance than classical
machine learning baselines, consistent with broader
trends in computational drug discovery [7,15]. Yet fewer
than a third of included studies reported any wet-lab
validation of their top computational hits at all, and this
proportion has not improved as models have become
more sophisticated. A screen that never leaves the
computer, however elegant its architecture, contributes
nothing directly to the antimicrobial pipeline beyond a list
of candidates for someone else, eventually, to test. It is

worth being explicit about why this gap likely exists rather
than treating it as simply a matter of researcher priorities:
computational groups publishing repurposing screens
frequently lack in-house microbiology capacity,
biosafety-level facilities appropriate for ESKAPE
pathogen handling, or established collaborations with
clinical microbiology laboratories willing to prioritise
testing an external group's candidate list, and funding
structures for computational research rarely include a
wet-lab validation budget as a standard line item. Closing
this gap is therefore at least as much an institutional and
funding problem as a scientific one, and is unlikely to
resolve itself purely through further improvements in
model architecture.
That roughly 61% of validated hits showed clinically
plausible activity when validation was attempted is, on its
own, a reasonably encouraging figure, suggesting that
when researchers do commit to wet-lab follow-up,
computational prioritisation is doing genuine work rather
than producing an arbitrary candidate list no better than
chance. But this figure should be read cautiously: studies
that attempt and report validation are almost certainly not
a random sample of all computational screens
conducted, since a plausible selection and publication
bias would favour reporting validation specifically when it
succeeds, or reporting it at all only when resources for
wet-lab follow-up were available in the first place, likely at
institutions already positioned toward translational rather
than purely computational work [16]. The true success
rate across all computational hits generated by the field,
most of which are never tested, is therefore unknowable
from published data alone and could plausibly be
considerably lower than the 61% figure suggests. A
registry of planned computational repurposing screens,
analogous to clinical trial pre-registration, would help
address this specific problem by making the denominator
of attempted-but-unpublished or unsuccessful screens
visible rather than invisible, though we recognise that
computational researchers have historically had little
incentive to adopt such a practice in the absence of a
clear publication or funding requirement to do so.
Our own screen's partial face-validity check, in which two
of four spot-checked candidates had independent prior
experimental support, is consistent with, though
obviously not proof of, genuine predictive value, and
illustrates a broader point about how computational
repurposing candidates are best used in practice: as a
prioritisation tool that narrows a very large compound
space down to a short list worth testing, rather than as a
standalone discovery claim. The two candidates lacking
independent precedent, nominated against Klebsiella
pneumoniae and Acinetobacter baumannii targets, are
exactly the kind of output this approach should generate,
novel enough to be worth testing rather than merely
rediscovering known activity, and we regard wet-lab
evaluation of these two candidates as a natural and
relatively low-cost next step given their existing
regulatory approval status.
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A related methodological concern surfaced repeatedly
during data extraction: included studies varied
considerably in how they defined a positive
computational hit, what training data they used, and how
target selection was justified, making direct comparison
across studies difficult even within the same model
architecture class. Several studies also drew training
interaction data from overlapping public databases
without clearly reporting overlap between training and
evaluation sets, raising a data-leakage concern that
could inflate reported benchmark performance for at
least a subset of the reviewed literature, a problem well
documented in machine learning applied to drug
discovery more broadly [17,18]. We were not able to fully
audit data-leakage risk for every included study given the
information reported, but flag it as a priority for the field to
address through more standardised reporting.
Based on these findings, we propose a minimum
reporting standard for future machine learning-assisted
repurposing studies targeting antimicrobial resistance:
explicit reporting of training/evaluation data overlap and
any steps taken to prevent leakage; a clearly stated
intention, even if unmet at publication time, regarding
wet-lab validation of top hits; and, where validation is
performed, reporting of both successful and
unsuccessful outcomes for all tested candidates rather
than only successes. Adopting even this modest
standard would make the growing body of computational
repurposing literature considerably more useful to the
experimental microbiologists who are, ultimately, the
ones who must decide which of the many computational
candidates now accumulating in the literature are worth
their limited wet-lab capacity.

5. CONCLUSION

A systematic review of 61 machine learning-assisted
drug repurposing studies targeting ESKAPE pathogens,
complemented by an original graph neural network
screen of 2,156 approved compounds against 34 curated
AMR targets, finds that model sophistication has
increased markedly over the past decade without a
parallel increase in experimental validation, with fewer
than a third of studies reporting any wet-lab follow-up of
their computational hits. Among studies that did validate,
roughly 61% reported at least one hit with clinically
plausible confirmed activity, a figure that should be read
as encouraging but not necessarily generalisable given
likely selection and publication bias in which studies
choose to report validation outcomes. Our own screen
nominated 14 high-confidence repurposing candidates,
two of which had independent prior experimental support
on retrospective checking, partially supporting the
screen's face validity, while two others, against Klebsiella
pneumoniae and Acinetobacter baumannii targets,
represent apparently novel, unvalidated predictions. We
are now pursuing wet-lab minimum inhibitory
concentration testing of these two candidates against
clinical isolate panels of the relevant pathogens, in

collaboration with a clinical microbiology partner
laboratory, as a direct test of whether our computational
screen generates genuinely actionable leads rather than
merely plausible-looking predictions. In parallel, we
intend to formalise and publicly circulate the minimum
reporting standard proposed here, in the hope that
broader adoption across the field will make future
machine learning-assisted repurposing studies more
comparable to one another and more directly useful to
the experimental groups positioned to test their
predictions.
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