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INTRODUCTION

Since the beginning of this century, biological dark matter
has been brought to light at an ever-increasing speed.
Metagenomic sequencing of environmental samples from
across the globe have shown the same pattern over and
over again: The large majority of bacteria as observed
through the presence of their DNA has never been ob-
tained in culture (Dat et al., 2021; Hug et al., 2016; Parks
et al., 2018), also coined as the ‘great plate count anom-
aly’ (Staley & Konopka, 1985). There are of course suc-
cess stories where previously uncultivable bacteria are
isolated in the laboratory through just standard plating
or more advanced methods, but the rate of discovery of
microbes that are as yet uncultivable outpaces the rate
of isolating novel species (Gutleben et al., 2018; Steen
et al., 2019). As such, the percentage of cultivable bacte-
ria is actually decreasing and a breakthrough is needed
to diminish the growing gap between in situ (as demon-
strated in silico with omics methods) and in vitro.

Millions of bacterial metagenome-assembled ge-
nomes (MAGs) and the hypotheses they give rise to,
make isolation of bacteria more valuable than ever. It
is the most reliable way for annotation and functional

Next-generation DNA sequencing has shown that the great plate count anom-
aly, that is, the difference between bacteria present in the environment and
those that can be obtained in culture from that environment, is even greater
and more persisting than initially thought. This hampers fundamental under-
standing of bacterial physiology and biotechnological application of the un-
culture majority. With big sequence data as foundation, artificial intelligence
(Al) may be a game changer in bacterial isolation efforts and provide direc-
tions for the cultivation media and conditions that are most promising and as
such be used to canalize limited human and financial resources. This opinion
paper discusses how Al is or can be used to improve the success of bacterial

characterization of newly discovered and hypotheti-
cal genes. In addition, isolates allow to study bacterial
metabolism at the biochemical level, which is important
for biotechnological development. Interestingly, many
MAGs of uncultured bacteria harbour biosynthetic gene
clusters (encoding the machinery to produce specialized
metabolites) that belong to different clades than their iso-
lated counterparts (Paoli et al., 2022). The latter is par-
ticularly relevant for our quest to find new cures to beat
old foes that have become resistant to clinically used
antibiotics. Bacteria are the primary source of bioactive
natural products, with over 50% of current pharmaceuti-
cal drugs directly derived from, or inspired by, microbial
compounds (Newman & Cragg, 2020). However, preclin-
ical development of novel drugs relies on the availability
of milligrams to grams of the pure compound, which are
difficult to obtain without being able to grow the bacte-
rium in vitro. In addition, the outlook of not having even
a basic production platform in place refrains companies
from preclinical trials with these hard-to-get molecules.
On the other hand, re-discovery upon re-isolation of the
same old bacteria often leads to discovery of molecules
that are only a variation on a theme, rather than finding
truly novel chemical scaffolds and this endangers our
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potential to treat future or already current infectious dis-
eases, also in richer countries (Lockhart et al., 2023).
Bacterial growth media compositions and cultivation
conditions to isolate currently uncultivable bacteria can
theoretically be varied almost infinitely and increased
creativity on how to isolate bacteria has yielded a num-
ber of successes (Lewis et al.,, 2021). As time and
money are rarely even close to infinite, a paradigm shift
is needed to make the leap from trial and error on an
agar plate to targeted isolation of members of the most
wanted bacterial taxa. And it may be artificial intelligence
(Al) to fuel this transition.

FIRST Al APPLICATIONS IN
BACTERIAL CULTIVATION

Currently, Al is implemented only to a limited extent in
bacterial isolation. In clinical microbiology laboratories,
assessment of presence or absence of growth on agar
plates and counting colonies is a substantial part of the
routine workload. Al algorithms have been developed to
automatically identify the appearance of bacterial colo-
nies (Jacot et al., 2024) and enumerate them, greatly re-
ducing time for standard operations (Makrai et al., 2023;
Zhang et al., 2022). Further, future advantages are earlier
than the human eye detection of growth thereby reducing
the culture read-out time (Jacot et al., 2024). One step
beyond is Al-based identification of bacterial species.
Currently, species identification mostly relies on biochem-
ical tests (for well-known subsets in a clinical setting) or
sequencing of phylogenetic marker genes. However, both
methods typically require 8-24h and are rather costly
(Tran et al., 2015). MALDI-TOF MS-based identification
has greatly reduced costs and time needed for identifica-
tion of known bacterial pathogens (Yo et al., 2022), but
purchasing the equipment needed for this type of analy-
sis is a too large capital cost for many laboratories and
industry startups. In a recent study, an Al-based complex
hierarchical network capable of handling bacterial identifi-
cation, within a set of 32 urinary tract bacterial pathogens
was generated that could assess single colonies or whole
plates (Signoroni et al., 2023). Although these methods
will probably not be feasible for bacterial identification
of highly complex or more unknown sources due to the
limited variation in morphological characteristics of bac-
teria, wide-range adoption in the clinical setting may be
expected because universally available equipment, such
as a cell phone camera offers sufficient resolution needed
for Al-based image analyses.

Al-ASSISTED BACTERIAL
ISOLATION

However, the Holy Grail would be Al-assisted isolation
of members of the uncultivated majority. Biological dark

matter is not as dark anymore as it used to be before
the next generation sequencing revolution as MAGs
can now routinely be generated for uncultured bacte-
ria that make part of complex communities in environ-
mental samples (Almeida et al., 2019; Ma et al., 2023;
Nishimura & Yoshizawa, 2022). These MAGs have not
only revealed diverse biosynthetic gene clusters, but
also provide a glimpse of the putative lifestyle of these
bacteria that can be used for generating genome-scale
metabolic models (GEMs). A GEM is a mathematical
representation of the metabolic repertoire of a microor-
ganism that is based on (meta)genomics, (meta)tran-
scriptomics, (meta)proteomics and/or metabolomics
data (Ankrah et al., 2021). As such, they can be used to
simulate the growth of currently uncultivable microorgan-
isms. The avalanche of omics data of the uncultivated
majority that has been generated during the last 10years
is awaiting systematic computational analyses to gener-
ate GEMs for bacterial species, genera and families that
are currently without cultured representatives. GEMs are
by no means magic wands that will bring bacteria into
culture with a slight touch, because MAG quality is often
limited by the suboptimal sequencing strategies applied
(Benoit et al., 2024). In addition, a structural uncertainty
of the models generated for non-model organisms is
caused by poorer gene annotation, higher inaccuracy re-
lated to genome gap-filling (Chen et al., 2023) and limita-
tions with respect to metabolic flux balance analyses as
metabolite concentrations in environmental samples (if
at all possible to measure) cannot easily be linked to indi-
vidual species. A hierarchical Al-based network of algo-
rithms (each with its own flaws) can be used to refine the
prediction of the metabolism of the target bacterium in its
natural environment (Figure 1). For example: (1) Plain
GEMs can be used to predict growth substrates based
on presence or absence of primary metabolic pathways,
and when metabolic fluxes can be simulated the growth
rate can be estimated as well (Passi et al., 2021); (2)
Computational models using amino acid frequencies de-
rived from (partial) genomes can be used to predict phys-
icochemical requirements, such as oxygen tolerance,
optimum growth temperature, salinity and pH for those
species (Barnum et al., 2024); (3) Resistance to certain
antibiotics of target bacterial species can be predicted
based on its genome sequence using a machine learn-
ing approach (Ren et al., 2022), which can subsequently
be exploited by adding those antibiotics to the cultivation
medium for selective enrichment of the target; (4) Hidden
Markov models to predict surface-exposed epitopes can
be applied for reverse-genomics approaches to isolate
target bacteria (Cross et al., 2019); (5) Computational
models can be used to predict the growth state of the
cell in the environment (whether it is actively dividing or
‘viable-but-not-culturable’; and perhaps, still many types
of available data are waiting for models to predict par-
ticular aspects relevant for the isolation of currently un-
cultivated bacteria).
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Omics-based data from any environmental sample is the foundation of a diverse suite of Al-based tools (GEM=Genome-

scale metabolic model, AB resistance =antibiotic resistance and HMM=Hidden Markov Model) used to predict metabolism, growth
conditions and the growth state in the natural environment of individual bacterial species. Integration of different models into a hierarchical
Al-based network may lead to more accurate prediction of components and conditions to be tested in the laboratory to isolate currently
uncultivable bacteria. Bacterial isolation results can be used for Al model curation and—if successful—for biotechnological application.

CONCLUDING REMARKS

We should not expect Al to provide us with clear reci-
pes and instructions how to isolate the bacterium of
the day. However, Al can provide new hypotheses that
go beyond individual researcher's imagination and
turn dark microbial matter into ‘grey microbial matter’
and thus reduce the search space with respect to the
media compositions and cultivation conditions to be
tested. In addition, the dirty laboratory work will remain
to rely on expert intuition and tricks, for example, the
use of baffled or non-baffled flasks that cannot easily
be computed. A glimpse of what may be the future of
bacterial isolation can already be seen in two recent
studies where Al models were combined with robotics
to increase the scale and speed of bacterial isolation,
while relying on phenotype and genotype data (Dama
et al., 2023; Huang et al., 2023). The CAMII model is
based on automatic bacterial colony imaging and culti-
vation to maximize diversity and novelty of the obtained
isolates (Huang et al., 2023), while BacterAl uses a
reinforced learning algorithm to gamify a bacterial iso-
lation experiment in an iterative manner to cross the
boundary between no growth and growth for individual
strains (Dama et al., 2023). It is computationally chal-
lenging to build a hierarchical model integrating the dif-
ferent levels of information that can be obtained from
the different models, but the massive force of Al will
undoubtedly improve our odds for isolating members of
the uncultivated majority.
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