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Rising antibiotic resistance and an alarmingly lean antibiotic
pipeline require the adoption of novel approaches to rapidly
discover new structural and functional classes of antibiotics.
Excitingly, algorithmic approaches to antibiotic discovery are
sufficiently advanced to meaningfully influence the antibiotic
discovery process. Indeed, once trained on high-quality
datasets, contemporary machine-learning and deep-learning
models can be used to perform predictions for new antibiotics
across vast chemical spaces, orders of magnitude more rapidly
than compounds can be screened in the laboratory. This
increases the probability of discovering new antibiotics with
desirable properties. In this short review, we briefly describe the
utility of contemporary machine-learning and deep-learning
approaches to guide the discovery of new small-molecule
antibiotics and unidentified natural products. We then propose
a call to action for more open sharing of high-quality screening
datasets to accelerate the rate at which forthcoming antibiotic-
prediction models can be trained. Together, we aim to
introduce antibiotic discoverers to a sample of recent
applications of contemporary algorithmic methods to facilitate
the wider adoption of these powerful computational
approaches.
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Introduction

Since the discovery of penicillin, antibiotics have become
the cornerstone of modern medicine. Unfortunately, the
continued efficacy of these essential drugs is at severe risk

due to the persistent global dissemination of antibiotic-
resistance determinants. Moreover, the decreasing de-
velopment of novel antibiotics in the private sector is
exacerbating this already- dire problem. Indeed, in 2019,
there were an estimated 4.95 million deaths associated
with antibiotic resistance [1®¢]. Without immediate action
to discover and develop new antibiotics, it is projected
that deaths from resistant infections will reach 10 million
per year by 2050, surpassing even cancer [2].

Most of our clinically used antibiotics were discovered
between the 1940s and 1960s by screening secondary
metabolites produced by soil-dwelling microbes for
those that displayed antibacterial activity i vitro [3,4].
Unfortunately, this systematic screening approach — the
Waksman platform — experienced a shortcoming in the
form of the dereplication problem, wherein investigators
were repeatedly discovering the same antibiotics [5].
Therefore, in more recent decades, antibiotic dis-
coverers have turned to medicinal chemistry approaches
[6] to modify existing antibiotic scaffolds, as well as
high-throughput chemical screening to discover new
ones [7]. Medicinal chemistry has afforded us the ability
to modify existing antibiotics to optimize medicinal and
antibacterial properties in the face of rising resistance
[8]. Indeed, this is the primary method that has led to
‘new’ antibiotics over the past few decades. However,
such approaches are not ideally suited to discover fun-
damentally novel antibiotic scaffolds.

Conversely, high-throughput chemical screening has
proven useful in identifying an array of fundamentally
novel antibacterial small molecules with activity iz vitro,
but has failed to result in any new antibiotics suitable for
clinical application. It is likely a combination of two
factors that contributed to the failure of high-throughput
screening to result in new clinical antibiotics [9]. The
first is the number of chemicals that can be empirically
screened in the laboratory, which is upper bounded by a
few million molecules. While at first consideration this
seems like a reasonable number of compounds for pri-
mary screening, when compared with the theoretical
number of compounds that display drug-like properties
(~10%%), these screens are narrow [10]. The second factor
is the somewhat unsuitable chemical space that is often
explored in synthetic screening libraries. Synthetic
compound libraries are generally built using combina-
torial chemistry methods centered around molecular
properties that make for human-targeting drugs, but not
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antibiotics, which commonly occupy distinct chemical
spaces [11,12].

Excitingly, algorithmic methods to antibiotic discovery
are reaching a state of performance that can mean-
ingfully influence how novel antibacterial molecules are
discovered [13e,14]. In silico approaches afford users the
ability to explore vast chemical spaces — upward of tens
of billions of molecules or more — much more rapidly
than is possible using wet-lab experimentation. This
increases the probability of identifying structurally and
functionally novel chemicals, with molecular properties
that are amenable for further development into anti-
biotic drugs. However, contemporary machine-learning
techniques require large quantities of diverse and high-
quality data with which to learn [15]. It is therefore es-
sential that investigators aiming to leverage machine-
learning methods understand the importance of appro-
priate training data acquisition, as well as the optimal
machine-learning model architecture for a given pre-
diction task. With some simple guidelines in mind, we
posit that machine-learning approaches to antibiotic
discovery — and drug discovery in general — can be-
come widely adopted, accelerating the rate at which
novel antibiotics are discovered and advanced into the
clinic.

In this short review, we highlight some modern examples
of the application of machine learning toward antibiotic
discovery. We will first describe contemporary machine-
learning approaches to aid in the discovery of novel small-
molecule antibiotics. This will lead into a brief discussion
of algorithmic approaches for natural product discovery.
Last, we will close the paper by proposing a call to action
for open data sharing, allowing for wider access to well-
defined and high-quality training data for everyone in the
antibiotic discovery field.

Machine learning for small-molecule
antibiotic discovery

The notion of leveraging computed chemical features to
guide molecular property prediction dates to the devel-
opment of quantitative structure—activity relationships
(QSAR) in the mid-20" century [16]. This mathematical
framework provided an opportunity to quantitatively as-
sociate computable molecular features with physico-
chemical properties or biological activities. The classical
QSAR approach applies expert knowledge to build useful
representations — so-called molecular fingerprints — of
the graph structures of molecules [17]. Such features
defined in fingerprints may include molecular weight,
hydrophobicity, number of rotatable bonds, polar surface
area, and the list can continue. These expert-defined
molecular representations can then be used as inputs to
train classification or regression models to predict physi-
cochemical or biological properties of interest.

As a concrete example, Wang et al. [18] described the
application of various machine-learning models — naive
Bayes (described in [19]), support vector machine (de-
scribed in [20,21]), recursive-partitioning (described in
[22]), and k-nearest neighbor (described in [23]) —
trained on expert-defined molecular descriptors to pre-
dict new antibiotics with activity against Szaphylococcus
aureus. Specifically, the authors applied a collection of
~30 computable molecular descriptors to ~5000 mole-
cules and used these as inputs to train their collection of
machine-learning models. They subsequently applied
their highest-performing model to a collection of ~7500
naive compounds and validated 12 molecules as anti-
bacterial against S. aureus in vitro. Similarly, Li et al. [24]
employed naive Bayes and recursive-partitioning ma-
chine-learning models to predict antibacterial molecules
targeting DNA gyrase in Escherichia coli and §. aureus.
Here, the authors applied 51 molecular descriptors to
build fingerprints of a modest 137-compound training
dataset, then applied the best-performing model to an
in-house collection of 488 compounds. This resulted in
the acquisition of four structurally similar compounds
that validated as antibacterial iz vitro.

We note here that while it is likely that more con-
temporary deep-learning techniques [25] would have
outperformed these simpler methods, particularly in the
context of generalization into new chemical spaces,
these studies nevertheless show that it is possible to
identify novel antibacterial molecules using easily com-
putable fingerprints and simple classifiers. However,
conventional machine-learning algorithms trained on
computable fingerprint vectors are intrinsically limited
to a relatively narrow spectrum of human-defined mo-
lecular features. This is in stark contrast to contemporary
deep-learning architectures that learn the optimal mo-
lecular representations for a specific prediction task au-
tomatically [26]. Indeed, such deep-learning approaches
have been shown to outperform traditional machine-
learning-based approaches on an array of physicochem-
ical and biological property prediction tasks and can
more robustly generalize to chemical spaces beyond that
on which the model was originally trained [13e,27e¢].

As a concrete example, a recent application of con-
temporary deep learning for novel antibiotic discovery
was described by Stokes et al. [27¢¢], where they le-
veraged a deep-learning architecture called a message-
passing neural network (MPNN;, described in [13¢]) to
discover structurally novel antibiotics against laboratory
strain £. co/i. Here, the authors trained their MPNN on a
collection of ~2500 small molecules for those that in-
hibited the growth of K. co/i in vitro. This screening data
was then binarized into compounds that were growth-
inhibitory (labeled as 1) and those that were not (labeled
as 0). The MPNN took as input the graph structures of
the chemicals — including simple features [28] of the
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atoms and bonds within each molecule — from this
training dataset, along with their corresponding activity
values (0 or 1), then automatically learned how to con-
vert the structures of chemicals into vector representa-
tions that maximized the ability of the model to correctly
classify molecules as growth-inhibitory or not. Im-
portantly, in contrast to previous methods, no expert-
defined molecular features were strictly required to
build the molecular representations. Next, this trained
model was shown a collection of ~107 million structu-
rally diverse chemicals from various iz sifico chemical
repositories [29¢ 30] — most of which resided in distinct
chemical spaces relative to the training dataset — and
outputted a prediction value for each, reflecting the
model’s interpretation of whether a given molecule was
antibacterial. This experimental and computational pi-
peline resulted in the discovery of numerous unique
molecules with activity against E. co/i and other phylo-
genetically diverse pathogenic bacterial species.

Encouraging the broad adoption of algorithmic ap-
proaches for small-molecule antibiotic discovery — whe-
ther simple machine-learning models trained using
conventional molecular fingerprint vectors or more so-
phisticated deep-learning models that learn molecular
representations automatically (Figure la) — we empha-
size here the importance of two aspects of the combined
experimental/computational pipeline. First is the curation
of a chemically diverse training dataset generated using
highly controlled experimental conditions. The goal
during training is to provide the model with many struc-
turally diverse chemicals with varying levels of anti-
bacterial activity. This will allow for maximum
generalization when performing predictions on 2 sifico
chemical sets. Here, it is important that these training
data be acquired using well-defined experimental condi-
tions to ensure that wet-lab validation of i sifico mole-
cular predictions is performed using the experimental
parameters on which the model was trained. This is the
most informative approach to understand ‘real
world” model performance. Indeed, investigators must
use great caution when training molecular property pre-
diction models using publicly available primary screening
datasets, since the methodologies for acquisition of these
data can be insufficiently defined. Second is the use of
appropriate 2 sifico filtering rules to prioritize predicted
chemicals for wet-lab validation. For example, when
performing predictions on hundreds of millions to billions
of molecules, it is common to retrieve tens of thousands of
molecules that pass a given prediction-score threshold. To
reduce this number to hundreds or thousands of mole-
cules for wet-lab validation, investigators must develop
additional criteria to acquire top candidates [31]. Such
secondary filters may include structural divergence from
training set chemicals, structural diversity among the
prioritized compounds themselves, ease of synthetic ac-
cessibility, or predicted nontoxicity to human cells. In any
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case, investigators must be careful to avoid excluding
valuable chemicals through the application of overly re-
strictive inclusion criteria.

Machine learning for natural product
antibiotic discovery

Most of our current clinical antibiotics are derived from
nature [32]. While the Waksman era of antibiotic dis-
covery has ended — or at least paused — the probability
that we have identified all clinically useful antibacterial
natural products is low. It is far more likely that uni-
dentified natural product antibiotics with clinical utility
are synthesized by so-called cryptic biosynthetic gene
clusters (BGC) — genetic elements that are repressed in
standard laboratory conditions [33,34]. Recent work at the
intersection of natural product discovery and machine
learning has aimed to predict BGCs from genomics data,
as well as the bioactivities of BGC-encoded compounds
(Figure 1b). Excitingly, the exponential growth of whole-
genome sequencing data has catalyzed the development
of computational approaches with which to predict the
medicinal importance of sequences therein.

Classical predictive tools rely on sequence homology
between putative BGCs and characterized BGCs [35-37].
While this approach is adequate to identify functionally
related BGCs, these methods can fail to generalize to new
sequences — and therefore new natural products — that
may display antibacterial activity. To overcome this in-
herent limitation of homology-based models, machine-
learning and deep-learning models have been developed
to improve generalizability toward the discovery of novel
classes of BGCs [38,39]. For example, Hannigan et al.
[40e] leveraged a recurrent neural network-based archi-
tecture to develop DeepBGC, which can predict bio-
synthetic gene clusters from bacterial genomes. Indeed,
after training DeepBGC on ~600 positive BGC examples
and thousands of negative BGC examples, their predic-
tion pipeline could identify BGC candidates for mole-
cules with putative antibiotic activity that were
unidentified by basic rule-based methods. Moreover,
their data suggest that DeepBGC displayed a greater
potential to generalize and identify gene-cluster classes
that it had not directly observed during training.

Progress has also been made to predict the antibacterial
activities of natural products based on BGC sequence
using machine-learning methods [41,42]. For instance,
Walker and Clardy [43] developed a binary classifier that
takes as input BGC sequence data, converts each BGC
into an expert-defined vector based on the presence/
absence of BGC elements, and outputs whether a given
BGC is associated with a natural product bioactivity of
interest using common machine-learning models
(random forest, support vector machine, and logistic re-
gression). While their classifier performed well on BGCs
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Figure 1
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The utility of algorithmic approaches to novel antibiotic discovery. (a) Classical machine-learning-based approaches to small-molecule antibiotic
discovery rely on expert-defined molecular property extraction and fail to generalize well to chemical spaces far beyond that of the initial training
dataset (top). However, contemporary deep-learning approaches that generate molecular representations automatically have been shown to
generalize well to novel chemical spaces, increasing the probability of discovering structurally and functionally novel antibiotics (bottom). (b) Classical
methods to identify BGCs relied on sequence homology to known BGCs of interest and therefore limited the scope of sequence space that could be
explored for novel BGC and natural product discovery (top). More recent representation-based methods using machine-learning (middle), or deep-
learning (bottom) methods can generalize to new sequence spaces more robustly, enhancing their ability to discover novel BGCs of potential interest

for new natural product antibiotics.

for which many examples were observed during training
(~80% maximum accuracy), like most machine-learning-
based approaches, performance suffered when more
generalization was required (~60% minimum accuracy).
Future deep-learning model development, which does
not rely on expert-defined features for BGC encoding,
will improve generalization into new BGC sequence
space, allow for more robust structural predictions based
on BGC sequence, and enable more accurate predictions
of the antibacterial efficacy of these natural products
based on property- prediction models such as those de-
scribed in the previous section.

Call to action

We posit that the antibiotic discovery field is ripe for the
widespread adoption of algorithmic solutions for anti-
biotic discovery — whether small molecules and natural

products, or antibiotic alternatives that are outside the
scope of this short review, such as antimicrobial peptides
[44,45] and phage [46,47]. However, contemporary ma-
chine-learning and deep-learning methods do not exist
in isolation beyond the wet lab. Contrarily, these algo-
rithmic methods require large amounts of high-quality
data on which to train. Currently, insufficient emphasis
is placed on publishing the entirety of screening datasets
with antibiotic discovery studies. The lack of well-de-
scribed, easily accessible, and open-source datasets is
hindering the rate at which machine-learning and deep-
learning tools are built and employed for antibiotic-
prediction tasks. Therefore, we urge members of the
antibiotic discovery community in academia and in-
dustry to engage in open dissemination of their anti-
biotic screening datasets to allow for the collective
training of robust antibiotic-prediction models that can
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maximally generalize to new chemical spaces. This will
accelerate the rate at which we are able to discover and
optimize novel structural and functional classes of anti-
biotics from vast /# si/ico chemical and sequence spaces.
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