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Antimicrobial resistance is a critical global health challenge and one of the World Health Organization’s
top ten public health threats. The alarming rise of drug-resistant pathogens threatens to usher in a
postantibiotic era where common infections could once again become fatal. Despite the urgency, traditional
discovery methods are time-consuming, expensive, and insufficient to keep pace with rapidly evolving
resistance. Recent advances in machine learning (ML) and artificial intelligence (AI) present a
transformative alternative, enabling the rapid identification of potential candidate antibiotics in a fraction
of the time required by conventional methods. In this Essay, we discuss how ML and Al significantly
accelerate antibiotic discovery, drawing on previous works and insights in this emerging field. We also
consider the promises and challenges of this emerging area and speculate on its evolution in the coming
years, highlighting the potential contributions from the physics community.
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Introduction—Antimicrobial resistance (AMR) is an
escalating global health crisis, with the World Health
Organization labeling it a top health threat [1]. The rise
of drug-resistant pathogens threatens to reverse decades of
medical progress, transforming once-treatable infections
into potentially lethal conditions [2,3]. Traditional antibi-
otic development methods often require years to produce
preclinical candidates, making them increasingly inad-
equate to combat the rapid emergence of resistant strains.
Currently, drug-resistant bacterial infections claim over
1.27 million lives annually, a figure projected to climb
to 10 million deaths per year by 2050. This scenario could
herald a postantibiotic era with devastating consequences.
Global efforts have emphasized antibiotic stewardship, new
therapeutic development, and enhanced diagnostics to
combat this looming crisis. Yet the antibiotic discovery
pipeline remains perilously thin, impeded by high deve-
lopment costs, lengthy timelines, and low returns on
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investment. Pharmaceutical companies have increasingly
turned away from antibiotic R&D, further exacerbating the
Crisis.

Recent advances in machine learning (ML) and artificial
intelligence (AI) are beginning to reshape the antibiotic
discovery landscape [4—15]. Just a decade ago, many of
these breakthroughs would have seemed impossible.
Today, AI can rapidly parse massive datasets to find
antibiotic molecules in both extant [11] and extinct organ-
isms [9,10,16]. It can also predict the antibiotic properties
of known compounds and repurpose them from vast
compound libraries [8], a task that would be infeasible
for humans to do manually at scale. By conceptualizing
biology as information, Al has also allowed the rapid
exploration and identification of new molecules with
therapeutic potential [9—-13]. Moreover, we are beginning
to incorporate explainability into these models [14,17],
enhancing our understanding of how they work, an
aspect particularly relevant for deep learning models.
This growing field has experienced numerous advances
in recent years, auguring a promising future for the field of
antimicrobial resistance [18-25]. Importantly, these
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computational advances have been validated experimen-
tally, with Al-discovered molecules undergoing extensive
in vitro and in vivo testing. Over the past six years, multiple
machine-identified compounds have demonstrated safety
and efficacy in preclinical mouse models, marking them as
promising candidates for further development. Beyond its
scientific promise, this Essay also reduces the environmen-
tal footprint of antibiotic R&D by shifting most screening
in silico, curtailing the plastics, reagents, and energy
required for wet-lab iterations.

In this Essay, we highlight the emerging field of Al-
driven antibiotic discovery and how this convergence of
computational power, biological data, and interdisciplinary
expertise from biology, physics, and chemistry holds great
potential to address AMR.

Biology as information and Al for antibiotic discovery—
Information theory, pioneered by Shannon [26], trans-
formed our understanding of how information can be
encoded, transmitted, and processed. Similarly, biology
can be conceptualized as a massive information repository,
stored in genomes and proteomes (i.e., the full set of
proteins encoded in a genome). Within this framework, it is
conceivable to develop algorithms capable of mining this
biological information to uncover new, useful molecules
such as antibiotics, following workflows illustrated in
Fig. 1. These Al-driven approaches use computational
models to identify potential antibiotic molecules, which
are then synthesized and validated through cytotoxicity
tests, antimicrobial assays, mechanism of action studies,
and safety and efficacy evaluations in animal models.
Historically, antibiotic discovery depended on laborious,
trial-and-error strategies, such as bioprospecting—collect-
ing samples from nature, isolating active compounds, and
testing them for efficacy. This process is slow, costly, and
unpredictable, often yielding few viable candidates.

Recognizing these limitations, we hypothesized years
ago that machine learning methods could offer a more
systematic and expedited approach to antibiotic design and
discovery [4], and that would dramatically shorten the
timeline for identifying new compounds compared to
traditional methods. We proposed leveraging decades of
accumulated biological data—such as genomes and pro-
teomes—that, with algorithms devised to identify active
compounds, could be systematically searched to discover
novel antibiotics [11]. Early proof-of-concept work focused
on identifying antibiotic sequences in individual proteins
[28]. Proteins, like all biomolecules, can be viewed as
biological codes composed of amino acid strings, and the
hypothesis was that among these amino acid sequences lay
hidden segments with antimicrobial properties. The advent
of improved computational resources and sophisticated
algorithms has expanded these initial efforts to entire
proteomes. For instance, large-scale exploration of the
human proteome uncovered thousands of previously

unrecognized antimicrobial sequences,
involved in host immunity [11].

Encouraged by these results, we then reasoned that such
antimicrobial sequences might be ubiquitous across the tree
of life, including in bacterial genomes. Indeed, recent
efforts uncovered nearly one million antibiotic candidates
by analyzing microbial “dark matter” [13] and human
microbiomes [29]. Gene prediction tools, such as Prodigal
[30] and Macrel [31], which accurately predict and classify
small open reading frames (smORFs, see Fig. 1), enabled
the systematic mining of 2.7 billion smORFs, yielding a
vast catalog of potential antibiotics. Additional computa-
tional approaches have similarly identified antimicrobial
agents in diverse microbiomes [32].

These types of computational methods have dramatically
accelerated the discovery of new antibiotics. Once a years-
long process, antibiotic discovery can now be accom-
plished in a matter of hours [6,33], highlighting how Al
has fundamentally transformed the field. As these methods
continue to improve, it is reasonable to expect that a
substantial portion of the world’s biological data will soon
be mined for antibiotic molecules, ultimately aiming to
move some of these discoveries into human clinical trials.
However, the success of Al models in antibiotic discovery
hinges on the quality, size, and diversity of the training data
[34]. Generating comprehensive datasets is expensive and
time intensive, often spanning multiple years. Existing
biological datasets, including those pertinent to infectious
diseases and antibiotic discovery, are frequently propri-
etary, small, or poorly annotated. Overcoming these data
barriers will require substantial investment and collabora-
tion. To address these challenges, increased investment in
dataset-generation projects is urgently needed. For exam-
ple, APEX [10] was trained on a rigorously curated
experimental dataset, including extensive negative controls,
collected under standardized conditions over several years.

Collaborative efforts to create large, standardized, and
publicly accessible datasets would greatly enhance the
capability of Al models to predict novel antibiotics.
Moreover, integrating diverse data types—such as geno-
mic, proteomic, structural, and phenotypic data—could
lead to more robust models capable of capturing the
multifaceted nature of biological systems.

Looking forward, advancements in automation and high-
throughput screening technologies [35] will play a signifi-
cant role in streamlining the generation of high-quality
data. The development of standardized protocols and data-
sharing platforms, such as federated learning, will facilitate
collaboration across disciplines and institutions, accelerat-
ing progress in the field. Furthermore, incorporating
negative data—compounds tested but found inactive,
which have been historically discarded—will be essential
for yielding balanced datasets for training and benchmark-
ing machine learning models.

some likely
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Example of Al-driven antibiotic discovery. This figure illustrates the workflow involved in mining biological data (e.g., from
genomes, proteomes, and metagenomes) to identify and validate antibiotics with annotated functions. For example, computational and
Al models can be used to mine the proteome, leading to the annotation of peptides and their sequences, such as the example of a
simplified molecular-input line-entry system (SMILES) code and an amino acid sequence shown in the figure. SMILES is a text-based
format used to represent chemical structures, encoding atoms, bonds, and stereochemistry with specific symbols to facilitate easy
storage and computational analysis. The annotated molecules are then synthesized and undergo experimental validation through various
assays, including cytotoxicity tests, antimicrobial assays, mechanism of action studies, structural analyses, and safety and efficacy
studies using animal models. Figure created with [27].
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Molecular deextinction: A new framework for antibiotic
discovery—Having discovered numerous antibiotic sequ-
ences in the human proteome, we ventured further into
evolutionary history, hypothesizing that our extinct rela-
tives, such as Neanderthals and Denisovans, might harbor
similarly bioactive molecules. By analyzing their pro-
teomes, we uncovered novel antimicrobial sequences and
introduced the concept of molecular deextinction [9,10].
This approach aims to identify ancient molecular sequences
to understand their evolution and tackle modern challenges
like AMR, positing that molecules from extinct species
may be effective against contemporary pathogens. To scale
this idea beyond a few extinct proteomes to a large
extinctome of all known extinct organisms, we developed
a more advanced deep-learning model called APEX [10].
This model combines recurrent neural networks (RNN5s)
with attention mechanisms and is trained on experimentally
validated data. APEX has successfully identified antibiotic
molecules derived from various ancient creatures, including
the woolly mammoth. Some of these molecules, such as
neanderthalin, mammuthusin, and elephasin, have already
shown promise in preclinical testing.

Over the next decade, molecular deextinction could
redefine our understanding of peptide and protein evolu-
tion, providing insights into how mutations over time
influenced biological function. These ancient sequences
could inform new therapeutic strategies and advance
research in bioinformatics, physiology, immunology, and
more [36]. These approaches would benefit from advanced
sequence-to-structure prediction tools (like AlphaFold) and
high-throughput validation pipelines to confirm the recon-
structed proteins’ functions. In principle, the same frame-
work could be adapted to study viral evolution: By
analyzing historical or ancestral viral sequences, ML
models could help predict the structural and functional
changes that may give rise to novel pathogens, much like
COVID-19, and guide preemptive research and drug design
efforts.

Interpretability—A major challenge in Al-driven drug
discovery is the black-box nature of many algorithms,
particularly deep learning models. Developing explainable
Al models is crucial for advancing the field and will allow
for the refinement of models based on a clearer under-
standing of their outputs. In recent work [14], we developed
an explainable, substructure-based deep learning approach
to explore chemical spaces, predicting antibiotic activity
and cytotoxicity for over 12 million compounds.

In this context, explainable refers to the potential to
analyze and understand the predictions of graph neural
networks in the context of drug discovery by identifying
chemical substructures, or rationales, that influence the
model’s predictions. This allows understanding of which
specific molecular features or patterns contribute to a
compound’s predicted antibiotic activity, making the mod-
el’s outputs more transparent and interpretable. This

method led to the identification of novel structural classes,
including one that is effective against methicillin-resistant
Staphylococcus aureus and vancomycin-resistant entero-
cocci, by revealing structural motifs linked to antibiotic
activity. These chemical insights, such as disrupting the
proton motive force by altering pH gradients, demonstrate
how machine learning can uncover targeted mechanisms
for antibiotic discovery.

Explainable ML approaches are critical for capturing the
specific aspects of training data that models have learned,
either by identifying input structural features or by high-
lighting model components [37], leading to a particular
prediction. Active research is increasingly focused on
hybrid approaches that combine experimental and compu-
tational methods to enhance predictive accuracy and
address data scarcity. ML techniques that effectively utilize
limited training data while exploring extensive chemical
search spaces are likely to make significant contributions
to anti-infective drug discovery. Particularly for comp-
lex models like graph neural networks, explainable ML
approaches offer useful tools for identifying critical struc-
tural features that drive model predictions. Computational
pipelines that incorporate structural predictions of proteins
and other macromolecules can further enhance model
accuracy. Techniques such as molecular dynamics simu-
lations [38] and ML-augmented docking strategies [39]
exemplify methods that can improve predictions of
drug-macromolecule interactions. Additionally, sequence-
to-structure models, like AlphaFold for proteins or
Rhofold+ for RNAs, will likely play an important role
in structure-guided drug design. These models can be used
to fine-tune therapeutic candidates to achieve specific
structural conformations, thereby bridging structural pre-
dictions with the productive expansion of chemical search
spaces.

In the future, developing more interpretable models will
be essential for the regulatory acceptance and clinical
adoption of Al-discovered drugs. Techniques such as
attention mechanisms, feature attribution methods, and
model distillation can significantly enhance model inter-
pretability. Additionally, integrating domain knowledge
into Al models will improve their transparency and
reliability, fostering greater trust among regulators and
clinicians.

Complementary physics-based methods for better
predictability: While ML has opened new horizons in
antibiotic discovery, physics-based methods offer addi-
tional insights that can significantly enhance the predictive
power and practical impact of computational models.
Techniques such as molecular dynamics (MD) simulations
and quantum mechanics or molecular mechanics methods
provide detailed atomic-level insights into drug-target
molecular interactions [40,41]. Incorporating these simu-
lations with ML models can help improve our under-
standing of binding affinities, reaction mechanisms, and
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enzyme activities critical to designing novel antimicro-
bials [6].

Traditional ML models often rely on static representa-
tions of biological systems. In contrast, MD simulations
allow us to transition from a static understanding of these
systems to modeling the dynamic behavior of biomolecules
over time, capturing conformation changes and interactions
that are not apparent from static structures [40,42].
Integrating MD simulations with ML algorithms may help
improve the prediction of binding affinities and identify
potential off-target effects.

Quantum mechanical methods, such as density func-
tional theory (DFT) may also be integrated, as they enable
precise calculations of electronic structures and can be used
to model chemical reactions at the active sites of enzymes
[41]. These hybrid simulations could help design inhibitors
targeting specific enzymatic pathways central to antibiotic
resistance, such as f-lactamases or ribosomal modification
enzymes.

In terms of experimental validation, advances in auto-
mation and microfluidics, both of which are directly
influenced by physics, can facilitate high-throughput
screening of Al-predicted candidates [43]. Tiny assay
volumes reduce reagent costs and enable dynamic, real-
time monitoring of bacterial growth or viability. Organ-on-
a-chip systems, which mimic physiological conditions, can
yield more clinically relevant data compared to standard
in vitro assays, thereby improving model accuracy. Closed-
loop microfluidic setups, where ML predictions guide
experiments and experimental data refine ML models,
represent a promising path forward.

Collectively, these physics-based tools bridge the gap
between computational predictions and real-world valida-
tion, ensuring that ML-driven antibiotic discovery extends
beyond algorithmic promise to tangible clinical outcomes.
Future developments in computational power and algo-
rithms are expected to make these physics-based simula-
tions more accessible and faster, allowing them to be
integrated more seamlessly with ML approaches. The
continued collaboration between physicists, chemists, biol-
ogists, and computer scientists will be essential to fully
realize the potential of these interdisciplinary strategies in
combating AMR.

Future challenges and opportunities—For many years,
the idea that AI and computers could be successfully
applied to biology, including in fields such as microbiology
and antibiotic discovery, was met with skepticism. While
Al found success in fields like image and speech recog-
nition, the prevailing notion was that the complexity of
biology was beyond the reach of machines. However,
recent advancements have demonstrated the potential of
ML to dramatically accelerate antibiotic discovery, opening
new avenues to addressing one of humanity’s greatest
challenges, antimicrobial resistance. This field is inherently
transdisciplinary, drawing scientists from a wide range of

disciplines. This convergence of expertise has been a key
factor in the successes achieved so far and will continue to
be critical as Al technologies for antibiotic discovery
evolve and improve.

Looking ahead, we anticipate significant progress in
several key areas. The availability of large, standardized
datasets will provide the foundational training sets necessary
for improving Al models, with automation likely playing a
major role in streamlining the generation of these high-quality
datasets. Over the next decade, we expect the emergence of
multimodal algorithms capable of simultaneously optimizing
multiple parameters, such as antibiotic activity, while min-
imizing off-target effects like cytotoxicity, hemolysis, and
disruption of beneficial microbiota. These algorithms will
also optimize for stability, pharmacokinetics or pharmacody-
namics profiles, and other critical drug development param-
eters. They will be instrumental in designing compounds with
favorable druglike properties, accelerating the pipeline from
discovery to clinical application.

With continued advancements in computational power,
we envision the possibility of fully exploring all of the
world’s biological information as a digital resource for
discovering new antibiotics. Innovations in generative
models, such as large language models, variational autoen-
coders (VAEs), and generative adversarial networks, will
further accelerate our ability to explore vast chemical
spaces and create novel biomolecular structures with
desired properties. Al will also play a crucial role in
refining existing antibiotics by optimizing their structures
to enhance efficacy and reduce toxicity. A practical way to
refine existing antibiotics would be to combine Al-driven
candidate generation with quantum chemistry methods like
DFT to evaluate electronic structures and reaction path-
ways. First, Al models (e.g., deep learning or generative
algorithms) would suggest chemical modifications aimed at
enhancing antibiotic potency and reducing toxicity. Then,
quantum chemical calculations could verify the most
promising leads by accurately predicting binding energies,
conformational changes, and potential off-target effects at
the atomic level.

Moreover, algorithms will be instrumental in decoding and
predicting resistance mechanisms. By analyzing genomic and
phenotypic data, computational tools can be used to identify
potential resistance pathways and predict the emergence of
resistance [44]. These models can also scrutinize genomic
data from bacterial populations to detect antibiotic-resistance
markers, guiding the design of drugs that can circumvent
known resistance mechanisms.

Finally, Al may also be employed to identify synergistic
combinations of antibiotics that enhance efficacy and
reduce the likelihood of resistance. For example, by
scrutinizing drug interaction, these models can predict
which compound cocktails are the most effective against
resistant strains, potentially yielding novel combination
therapies that outperform single-drug treatments.
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In conclusion, Al holds immense promise in the fight
against AMR. While there are still limitations and chal-
lenges to overcome, we are optimistic about the progress
made so far and the potential for Al to deliver life-saving
antibiotics in the future.
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