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Phenotypic heterogeneity, a feature of both bacteria and eukaryotic cells,
arises frominherent cell-to-cell variability. In eukaryotes, single-cell RNA

sequencing has led to an explosionin understanding how heterogeneity
impacts different cell types and states in organs and tissues. While single-cell
RNA sequencing analyses in bacteria have lagged behind eukaryotic studies,
recent technological advances now enable similar, high-resolution studies
tobe performed at scalein bacteria, yielding fundamental insights into

how heterogeneity influences bacterial physiology, metabolism, antibiotic
resistance, pathogenesis and interactions within complex microbial
communities. Here we review recent advances in bacterial single-cell

RNA sequencing, including the methods developed so far and what has
beenlearned from their application. We also discuss technological and
computational challenges going forwards, the need for standardization and
how that could be achieved, and how this emerging field is now poised to
revolutionize our understanding of bacterial physiology, infection biology
and interactions within bacterial communities, such as the microbiota.

Cell-to-cell phenotypic variability is essential for the survival and func-
tion of populations of cells, whether organizedin the tissues and organs
of multicellular organisms or within single- or multi-species microbial
communities. Clonal, genetically identical bacterial populations can
display cell-to-cell phenotypic variability, termed phenotypic hetero-
geneity, across many traits (for example, size, metabolism, motility,
virulence factor expression and antibiotic tolerance), which is thought
to confer multiple possible advantages. Phenotypic heterogeneity may
actas animportant bet-hedging strategy to ensure that at least a sub-
population of the bacterial population is poised to adapt and survive
in fluctuating environments’, including shifts in nutrient availability?
or antibiotic exposure’. Alternatively, phenotypic heterogeneity may
enable the division of labour to segregate incompatible metabolic pro-
cesses into distinct subpopulations, as occurs with nitrogen fixation
and photosynthesis in cyanobacteria’. Finally, it may increase evolution-
ary potential or better enable niche exploration, as in biofilms, where
concentration of flagellar gene expressionin bacteriain the periphery

helps motile clones break away from non-motile brethren to explore
different, potentially more favourable environments'**,

In many cases, phenotypic heterogeneity is driven by variability
in gene expression between cells. Historically, however, methods for
characterizing the entire transcriptional programme of individual cells
have been lacking, with technologies restricted to examining small
numbers of genes using, for example, microscopy or flow cytometry>>°,
Meanwhile, characterization of an entire bacterial transcriptome
was restricted to bulk analyses, which mask cell-to-cell variability
by averaging gene expression across entire cell populations and
fail to detect and elucidate the behaviours of small, but potentially
important, subpopulations of phenotypically distinct cells. Bulk tran-
scriptional measurements also cannot differentiate between shifts
in the relative proportions of phenotypically distinct cell types
within the population and changes in gene expression within some
or all of these subpopulations. Hence, bulk transcriptional methods
have limited resolution for many biological processes that require
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Fig. 1| Timeline of eukaryotic and prokaryotic single-cell transcriptomic
approaches. Bacterial and eukaryotic single-cell transcriptomic approaches are
shownbelow and above the timeline, respectively. Technological frameworks to
capture and profile transcriptional programmes in individual cells are indicated
by colour: grey, microfluidic chip based on cell size selection; purple, FACS; red,
microfluidic chip based on droplet encapsulation; blue, split-pool barcoding
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based on plates; yellow, spatial transcriptomic methods. Smart-seq, switch
mechanism at the 5' end of RNA template sequencing; Smart-seq2, a more
sensitive, optimized version of Smart-seq typically coupled with FACS; sci-RNA-
seq, single-cell combinatorial indexing RNA sequencing; SPLiT-seq, split-pool
ligation-based transcriptome sequencing.

study at theindividual cell level to understand the collective functions
of entire cell populations.

Morerecently, single-cell RNA sequencing (scRNA-seq) and spatial
transcriptomics have transformed eukaryotic biology by enabling the
discovery of cell types and states, reconstruction of developmental
trajectories and mapping of tissue architectures during health and dis-
ease’. Despite the abundance and importance of bacteria, as approxi-
mately ~13% of Earth’s biomass®, scRNA-seq methods for bacteria have
lagged far behind such approaches in eukaryotes (Fig. 1). This lag is
primarily due to fundamental differences between eukaryotic and
prokaryotic cells, including: (1) the relative paucity and rapid half-life
of mRNA per cell in bacteria compared with eukaryotes’; (2) the lack
of amolecular handle (for example, a poly(A) tail) to distinguish bac-
terialmRNA from other transcripts, suchas rRNA; and (3) physiologic
differencesin morphology, size, nucleotide use (GC content) and cell
wall composition and thickness that ultimately affect mRNA capture.
Collectively, these differences have stymied scRNA-seq approachesin
bacteria for many years compared with eukaryotes (Fig. 1). However,
recent efforts to overcome these technical challenges have yielded new
biological insights, even as additional technical and computational
challenges remain to be solved. As progress continues to advance the
ability to study bacteria at high resolution, we anticipate a new, excit-
ing era of discovery.

In this Review, we describe the array of methodologies devel-
oped to overcome the challenges inherent to bacterial single-cell
transcriptomics and the biology that has been unearthed using these
approaches. We also describe current technical and computational
challenges, suggest aframework for standardization to facilitate com-
parisons between methods and studies, and define benchmarks for
interpreting the quality, reliability and significance of the data gener-
ated. Finally, we highlight the variety of questions these approaches
canaddress, foreshadowing how the ability to examine bacterial cells
atthis higher resolution willexpand our understanding of the diversity
of bacterial cell types and states and their impact on infection, the
microbiota and the environment.

Technological advances enabling bacterial
scRNA-seq

To address the technical and computational challenges inher-
ent in bacterial scRNA-seq, investigators have drawn on a range of
methodologies to capture and quantify mRNA signal in individual
bacterial cells'® ™. Technological frameworks to measure transcrip-
tional changes in individual bacterial cells have largely mirrored

approaches previously developed for scRNA-seq in eukaryotic cells,
including fluorescence-activated cell sorting (FACS)'*", droplet
encapsulation®™, split-pooling®®~* and microscopy?*** (Table 1).
Without a molecular handle to separate mRNA from other RNA in
prokaryotic cells, nRNA-capture efforts have mostly involved random
priming or hybridization of the mRNA to predesigned probe sets'* >,
Finally, given the scarcity in transcripts and genes captured for indi-
vidual cells, lessons from eukaryotic sSCRNA-seq studies have revealed
that large numbers of cells are often required to discern statistically
significant differences among subpopulations®, meaning that efficient,
scalable methods with minimal loss are required to enable profiling of
thousands of cells in a single experiment'®'¢'82¢,

mRNA transcript sparsity poses the greatest challenge for
single-cell transcriptomicsin bacteria. Previous estimates suggest that
most bacterial mMRNAs have a half-life on the order of minutes’, rather
than hours compared with eukaryotes, and are present at approxi-
mately 0.05-5 copies per gene per cell’—nearly 2 orders of magnitude
lower than mRNA levels in eukaryotic cells. Similar mRNA levels have
been confirmed more recently through spatial transcriptomic analy-
sis of Pseudomonas aeruginosa during a growth phase when mRNA
is most abundant: the total number of mRNAs averaged fewer than
150 molecules per cell over a105-gene probe set?’. Hence, the vast
majority of bacterial sScRNA-seq methods capture only 2-6% of the
bacterial genome in each individual cell, which is on par with the per-
centage of genes captured in eukaryotic scRNA-seq'>"* ¥, A criti-
cal lesson learned from eukaryotic scRNA-seq is that mRNA scarcity
can be compensated by characterizing large numbers of cells*, with
robust conclusions drawn even when only 1-2% of the transcriptome is
detected per cell whenscale is leveraged® . Importantly, scRNA-seq
doesnotdirectly reveal the behaviour of individual cells, no matter how
deepthe coverage;itisastatistical sampling strategy that enables char-
acterization of the transcriptional landscape of the population®. Large
cell numbers can enable the clustering and identification of distinct
subpopulations representing different cell states or cell types, with
thebehaviours ofindividual cellsinterpreted only in the context of this
landscape. High-throughput approaches are more critical if studying
very rare bacterial cell populations, such as persister or heteroresist-
antsubpopulations>*** or the phylogenetically diverse microbiome.
Thus, bacterial scRNA-seq methods must integrate experimental tech-
nologies that are able to efficiently capture the limited mRNA signal
across large numbers of cells using computational approaches that
canthenextract meaningful insight frombiologically and technically
constrained sparse datasets.

Nature Microbiology


http://www.nature.com/naturemicrobiology

Review article

https://doi.org/10.1038/s41564-026-02333-3

Table 1| Bacterial single-cell transcriptomic approaches

Method Maximum Species Instrumentation Species rRNA depletion Advantages and
throughput  agnostic or mRNA disadvantages
enrichment
scRNA-seq
FACS based MATQ-seq'*"® 102 Yes FACS Salmonella enterica  CRISPR-Cas9 Suitable for low-input
P. aeruginosa samples; lower
throughput than
other methods;
requires specialized
instrumentation (FACS)
PETRI-seq***4® Yes None E. coli CRISPR-Cas9 Lower cost relative
S. aureus to other scRNA-seq
Split-pool MicroSPLIT®” Yes None E. coli PAP methods; no
barcoding 104 B. subtilis requirement for'
based P. putida SPec'.al.'Z.Ed equipment;
high initial upfront
BaSSSh-seq” Yes None S. aureus Subtractive investment in barcoded
hybridization oligonucleotides
BacDrop'™® Yes 10x Genomics E. coli RNaseH
(Chromium) P. aeruginosa
K. pneumoniae
Enterococcus Higher throughput
faecium relative to other
M3-seq”® Yes 10x Genomics E. coli RNaseH ngNﬁ-seq'methods;
(Chromium) B. subtilis d HE romium - -
roplet microfluidics
smRandom-seq'%26:28-4° Yes Custom E. coli CRISPR-Cas9 (BacDrop and M3-seq)
Droplet based 10*-10° microfluidics B. subtilis increases cost
Acinetobacter relative to split-pool
baumanii barcoding-based
K. pneumoniae methods; custom
P aerug[nosa microfluidics
S. aureus (smRandom-seq) not
Serratia marcescens yet widely available
Human stool and
bovine rumen
microbiota
Probe-based ProBac-seq"” 10%-10* No 10x Genomics E. coli None Avoids the need
hybridization (Chromium) B. subtilis for rRNA depletion;
Clostridium requires separate probe
perfringens sets for each species
Spatial transcriptomics
par-seqFISH? 10°-10° No Advanced P. aeruginosa None Subcellular and single
Bacterial-MERFISH* microscope E. coli molecule resolution;

B. thetaiotaomicron

avoids the need for

rRNA depletion;
requires specialized
instrumentation and
separate probe sets for
each species

Cellular isolation and mRNA capture

Recent bacterial scRNA-seq approaches have integrated diverse
methodologies to isolate single bacterial cells, capture mRNA signal
and increase the throughput of profiled cells'®". Given bacterial
mRNA lacks a poly(A) tail, most methods rely on random priming to
capture mRNA fromindividual cells. For example, multiple annealing
and dC-tailing-based quantitative scRNA-seq (MATQ-seq) uses FACS
to isolate single bacterial cells into individual microtiter plate wells
followed by random priming for mRNA capture and library construc-
tion in each well'*" (Fig. 2a). Following the recognition that bacterial
cells canthemselves be used as reaction ‘vessels’, several plate-based,
split-pooling methods such as prokaryotic expression-profiling by
tagging RNA insituand sequencing (PETRI-seq)*°, microbial split-pool
ligation transcriptomics (microSPLiT)* and bacterial scRNA-seq with
split-poolbarcoding, second strand synthesis and sub-tractive hybridi-
zation (BaSSSH-seq)* were developed. These approachesfirst capture
mRNA inindividual fixed, permeabilized cells viareverse transcription
and then uniquely label the transcriptional content of single cells by

adding combinatorial indices through multiple rounds of ligation via
splittingand pooling®? (Fig. 2b). While droplet-encapsulation-based
methods such as bacterial droplet-based scRNAseq (BacDrop)'¢,
massively-parallel, multiplexed, microbial sequencing (M3-seq)**and
single-microbe randomly primed RNA-seq (smRandom-seq)'***%4°
use either commercial (10x; BacDrop and M3-seq)'*'® or custom
(smRandom-seq)'*******° microfluidic devices, they also use the cell
as areaction vessel to increase throughput'®'*>%*%%° (Fig. 2c). Here
mRNAinindividual fixed, permeabilized cells s first captured through
random priming. This step also introduces a single-step barcoding
index before droplet encapsulation that enables multiple cells to be
encapsulatedinthe same droplet, thusincreasing throughput, in prin-
ciple, to hundreds of thousands of cells'***°, These methods generate
scRNA-seq libraries inwhich the transcriptional content of individual
cells is measured by next-generation sequencing.

Analternative method for capturing mRNA from individual cells
is hybridization to predesigned probe sets for a specific species. For
probe-based bacterial sequencing (ProBac-seq), these probes are
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Fig. 2| Bacterial single-cell transcriptomic methods. a-d, Transcriptomes
fromindividual bacterial cells can be captured and profiled by sequencing

using: FACS (MATQ-seq) (a), plate-based split-pooling (PETRI-seq, microSPLiT
and BaSSSh-seq) (b), microfluidic droplet encapsulation (BacDrop, M3-seq and
smRandom-seq) (c) or by sequencing libraries constructed from hybridized
probes specific for an organism of interest (ProBac-seq) (d). e,f, Alternatively,
spatial transcriptomic approaches rely on imaging to profile in situ hybridization

~— 100,000s of cells

Read probe
barcodes

and image

patterns for probe sets specific to an organism of interest, preserving both the
spatial and subcellular architecture of gene expression inindividual cells.

e, par-seqFISH uses iterative rounds of in situ hybridization and imaging followed
by stripping and reprobing. f, Bacterial-MERFISH relies on physical expansion
ofindividual bacterial cells followed by probe hybridization and probe barcode
pattern enumeration through imaging. RT, reverse transcription. Figure created
inBioRender; Lab, H. https://biorender.com/cql8jhs (2026).
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hybridized to mRNA in bacterial cells in situ”. Cells are then encapsu-
lated in microfluidic droplets, where scRNA-seq libraries are prepared
from hybridized probe sets, followed by next-generation sequencing"’
(Fig. 2d). In contrast, spatial transcriptomic methods are based on
fluorescence in situ hybridization (FISH), in which gene expression
changes are determined by hybridization to predesigned probes
in fixed, permeabilized cells and captured by imaging rather than
sequencing. However, transcriptome-wide changes in expression
at single-cell resolution are challenged by the limited number of
distinct fluorophores available to detect hundreds to thousands of
different probes, and by the ability to then optically resolve and quan-
tify them in a cell the size of a bacterium, given that mRNA density is
estimated to be ~-8,000 transcripts per 3 pm? cell*’. Parallel sequen-
tial FISH (par-seqFISH) circumvents this technical challenge through
iterative rounds of non-combinatorial probe hybridization, detec-
tion and stripping over a select set of 105 marker genes® (Fig. 2e).
Bacterial-multiplexed error-robust FISH (MERFISH), in contrast, over-
comes these problems by using combinatorial barcodes to uniquely
label each probe with a distinct pattern of fluorophores and by physi-
cally expanding the cell itself over1,000-fold, thereby decreasing the
mRNA density per cell and facilitating the detection of 1,930 Escher-
ichia coli operons (-80% of the transcriptome) at single-molecule
resolution® (Fig. 2f). Importantly, both par-seqFISH and bacterial-
MERFISH enable hundreds of thousands of cells to be analysed in a
single experiment while preserving the spatial architecture of tran-
scriptional changes with cellular and subcellular resolution®?*.

Both random-priming and probe-based methods of mRNA
capture have strengths and weaknesses (Table 1). Random priming can,
inprinciple, be used to capture mRNA from any organism without the
need for specialized probe sets for each species or a priori knowledge
of genomes for probe-set design. However, it also captures rRNA tran-
scripts, which constitute the vast majority (80-95%) of total RNA, so
technical and computational methods for rRNA removal are required
to prevent their predominance in sequencing reads. Further,random
priming can be subject to sequence bias in binding affinity, due to GC
contentor secondary structure, which may result in misrepresentation
of transcript abundance. When different combinatorial indices are
fused to the random primer sequences, the sequence of the indices
can themselves introduce additional bias to priming*. Conversely,
probe-based hybridization approaches can be very sensitive and avoid
rRNA signal; however, obvious drawbacks are that prior knowledge
of gene expression patterns for a species of interest is required for
probe-set design, creating a potential for bias if only asubset of genes
can be queried, and a separate probe set is required for each species.
Probe-based hybridization approaches also rely on accurate open
reading frame annotations, which are oftenincomplete or inconsistent
innon-model species and complicated by substantial strain-to-strain
variation in gene content. These methods also do not necessarily
scale well to complex communities because probes may hybridize
non-specifically to homologues rather thanto their intended targets.

Maximizing mRNA signal

Without efficient methods to enrich mRNA or deplete rRNA for
random-priming approaches, most reads in the final library map to
rRNA (80-95%), obscuring important variation in protein-coding
genes and increasing overall sequencing costs. Preferential mMRNA
capture efficiency can be enzymatically enhanced through the use of
E. colipoly(A) polymerase (PAP), which preferentially polyadenylates
mRNA, followed by the use of oligo(dT) for mRNA capture, resultingina
modest 2.5-fold enrichment? (Fig. 3f). Alternatively, rRNA molecules
can be depleted using RNase H'*'®, CRISPR-Cas9'*"*** or subtractive
hybridization* to increase mRNA recovery from 5% to 50-90% (RNase
H)'¢,16-63% (CRISPR-Cas9)"*" or ~50-92% (subtractive hybridiza-
tion)**** at various stages (Fig. 3). For example, RNase H can be used
todigest rRNA before mRNA capture (BacDrop)* (Fig. 3a) or following

cDNA amplification (M3-seq)'®, although this latter approach requires
anadditional step, transcribing the double-stranded cDNA sequence
intosingle-stranded RNA for RNase H digestion (Fig. 3b). CRISPR-Cas9
and subtractive hybridization-based rRNA depletion have also been
used post cDNA amplification''*?*** (Fig. 3c,e) or after final library con-
struction*® (Fig. 3d). Given the importance of minimizing loss of mRNA
signal, rRNA-depletion approaches that rely on multi-enzymatic steps
or physical separation may be prone to more mRNA signal loss, whereas
in situ rRNA depletion may decrease mRNA capture efficiency'>*.
While these approaches have similar upfront costs, most methods
have notbeen compared head to head, hence the optimal method that
maximizes rRNA depletion while preserving mRNA signal remains to
be determined.

Computational approaches for cell state discovery

AlthoughmRNA recoveryislow duetobothintrinsic biology and techni-
calloss, the fraction of the bacterial transcriptome thatis recovered is
similar to that of eukaryotic systems. Bacterial ScRNA-seq analyses have
adopted computational workflows originally designed for eukaryotes,
ranging from standard clustering pipelines (for example, Scanpy*
and Seurat*®) to deep generative models that denoise gene expres-
sion and account for technical variation, such as scVI”. These latter
models, which learn low-dimensional representations that capture
gene-gene dependencies, have shown the most potential, recovering
reproducible transcriptional states even from highly sparse bacterial
single-cell data*. Crucially, these methods must be run with parameters
tuned for sparse bacterial data. This includes cell-quality thresholds far
below those typically used in eukaryotic analyses (Fig. 4), whichinmany
cases involves retaining cells with only 10 detected transcripts'®'*%,
Nevertheless, these computational methods successfully extract sig-
nals from sparse datasets by capitalizing on the core innovation of
single-cell biology: leveraging scale. Even with ultra-sparse measure-
ments, pooling thousands of transcriptionally similar cells can reveal
reproducible gene expression programmes and cell state distributions.

Amajorunresolved challengeisidentifying shared transcriptional
statesacrosssamples and experimental conditions. In practice, bacterial
cells often cluster by experimental condition rather than underlying
state, making it difficult to identify corresponding subpopulations
across datasets. While standard clustering approaches have uncov-
ered alimited number of distinct cellular states—for example, mobile
genetic element induction and stress responses'®'*'*?'—more subtle
transcriptional states frequently fail to align across experiments, limit-
ing cross-condition comparisons.

Single-cell harmonization frameworks****° have been widely
adopted in eukaryotic systems to address this problem by aligning
cells from multiple samples, conditions or tissues. While they could
serve as amodel for bacterial systems, they remain more challenging
tobenchmark for bacteria without established ground-truth cell states.
Recent approaches have aligned bacterial cells by learning a shared
latent space, either by training a reference model and projecting new
data into that space**® or by joint embedding single cells across all
samples*s. By doing so, they can recover high-resolution insightsinto
thegeneregulatory architecture of bacteria*®. However, careful calibra-
tion is required as they may struggle to find shared axes or they may
be too aggressive, potentially forcing distinct transcriptional states
to merge artificially.

Biological insights enabled by scRNA-seq

While studies™*2*?%**%51 have mostly focused on a relatively limited
number of bacterial species so far, scRNA-seq analyses™ %% have
already revealed importantinsightsinto bacterial physiology, metabo-
lism, virulence, phage induction, plasmid carriage and antibiotic
resistance. These studies have characterized bacterial heterogeneity
within static populations, in response to perturbations, across vari-
able microenvironments, in the context of polymicrobial microbiota
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derived from rRNA can be depleted from samples or libraries using RNase H

by digesting rRNA in permeabilized cells in situ before mRNA target capture
(BacDrop) (a) or following library construction via addition of a T7 in vitro
transcription step and subsequent digestion of rRNA-DNA hybrids with RNase
H (M3-seq) before final library construction (b). c,d, Alternatively, rRNA-derived
cDNA (MATQ-seq and smRandom-seq) (c) or final library sequences (PETRI-seq)
(d) can be cleaved using CRISPR-Cas9 and single-guide RNAs targeting rRNA.

e, Finally, rRNA-derived cDNA species can be removed by subtractive

hybridization using biotinylated rRNA probes that, following hybridization to
rRNA-derived cDNA, are separated from the rest of the sample using magnetic
streptavidin beads (BaSSSh-seq and ribosomal RNA-derived cDNA depletion
PETRI-seq (RiboD-PETRI)).f, As an alternative to rRNA depletion, mRNA species
canbeenriched during target capture by first selectively polyadenylating
mRNA in permeabilized bacterial cells in situ using PAP followed by priming
witholigo(dT) in addition to random hexamers during reverse transcription
(microSPLiT). ssDNA, single-stranded DNA. Figure created in BioRender; Lab, H.
https://biorender.com/wcdtbpz (2026).

communities®**® and during bacterial interactions with mammalian

cells?***, For example, these studies have shown that static popula-
tions (cultures) of bacteria previously thought to be homogeneous
are in fact heterogeneous in terms of competence?, virulence factor
expression’?, pro-phage induction'®'®?** and carbon and arginine
metabolism'?. Further, small differences between closely related
strains canalsoimpact transcriptional heterogeneity. In Pseudomonas
putida, for example, cells carrying a broad-host-range plasmid parti-
tioned into distinct clusters based on conjugation gene expression,
suggesting that plasmid carriage itself can drive heterogeneity within
apopulation®.

scRNA-seq analyses have revealed aspects of bacterial physio-
logy that were not possible from bulk measurements. Recent work*®
showed that gene dosage, as driven by DNA replication, has a predict-
able impact on gene expression patterns on a genome-wide scale for
many genes in rapidly growing bacteria (that is, expression of many
genes on the chromosome is related to their replication). Further,
scRNA-seq dataand chromosomal gene position can be integrated to

infer the replication stage of individual cells, the origin and terminus
of replication, and biophysical parameters such as the speed of DNA
and RNA polymerases in different species*. The finding that gene
expression changes are influenced by DNA replication stage, at least
duringrapid growth, establishes acritical baseline tounderstand when
individual genes depart from this trend*®. In Staphylococcus aureus, for
example, genes of mobile genetic elements fall into this latter class*,
while instatic populations of Klebsiella pneumoniae, heterogeneity is
driven by transposable elements'.

These initial studies have provided reference points from which
tounderstand how population dynamics changein response to pertur-
bations or upon interactions between species. For example, whereas
bulk RNA-seq measurements have shown little evidence of heterogene-
ityinresponse to B-lactam antibiotic treatment'®'?, scRNA-seq suggests
otherwise. Treatment of K. pneumoniae with the B-lactam, meropenem,
resultsin four distinct subpopulations characterized by the induction
of genes involved in stress responses, cell wall membrane synthesis,
DNA replication and cspD—a toxin that inhibits DNA replication and
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pass the defined quality metrics. The gene expression matrix is thenimputed,
scaled and log transformed. b, These high-dimensional gene expression data

are then analysed by embedding into alower dimensional space, where they

are denoised, batch corrected and ultimately clustered into cell types and cell
states. ¢, Cell-centric clustering can reveal new cell types or cell states, while
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differential abundance tests can reveal changes in these populations or in their
gene expression levels that are associated with a condition, leading to biological
discovery. Gene-centric analyses of their regulatory networks can also reveal
bacterial transcriptional circuits. d, Future directions for computational
analyses may include the inference of single-cell lineages, the discovery of new
gene functions and leveraging cell barcodes to resolve strain genomes. MGE,
mobile genetic element; PCA, principal component analysis; ¢-SNE, ¢-distributed
stochastic neighbour embedding; UMAP, uniform manifold approximationand
projection; UMI, unique molecular identifier.

induces meropenem tolerance (persistence)'®. scRNA-seq is also begin-
ning to reveal heterogeneity of responses in more complex settings,
such as in interactions between bacteria and different host cells or
within complex microbial communities. For example, when S. aureus
biofilm cells are co-cultured with macrophages, genes associated
withadaptationto the presence of reactive oxygen speciesareinduced,
whereas when they are co-cultured with polymorphonuclear phago-
cytes, cell wall maintenance and virulence genes are induced®. In
the bovine rumen, scRNA-seq identified a role for Basifia succinicip-
roducens in carbohydrate metabolism?*, foreshadowing the impact
scRNA-seqmay have in deconvolving heterogeneity in responses within
complex microbial communities.

The studies described earlier were conducted on dissociated
cells and thus did not address the spatial organization of cellular
heterogeneity within a population or distribution of transcripts
within a single cell. Spatial transcriptomic approaches such as
par-seqFISH and bacterial-MERFISH are beginning to reveal both the
intracellular spatial organization of bacterial transcriptomes and
heterogeneity within different microenvironments and niches****. For
example, in £. coli, transcript subcellular localization for many operons
was shown to be governed either by protein function, particularly
for operons that encode inner membrane proteins, or by chromo-
somal position, where transcripts from operons positioned near the
replication terminus localize near the terminus itself**. At the cellular
level, par-seqFISH revealed subpopulations of cells expressing genes
associated with anaerobic metabolism, oxidative stress, denitrifica-
tion and heat-shock proteases co-existing alongside but mutually
excluded from adjacent subpopulations characterized by expression
of tricarboxylic acid cycle genes?’. These subpopulations suggest
differences in oxygen tension within local microenvironments and
evidence of distinct physiological states and metabolic heterogeneity
within single-species biofilms?. It has also shown how microenviron-
ment affects cell states in host-bacteria interactions. For example,
bacterial-MERFISH revealed that Bacteroides thetaiotaomicron, a gut
commensal, shows spatial heterogeneity in polysaccharide utilization
loci (PUL) expression: cells proximal to the mucus layer express PULs

targeting host-mucus polysaccharides, whereas cells occupying the
lumen express PULs targeting dietary polysaccharides™.

Current challenges

Despite the technological advances and resulting biological insights
previously discussed, much work s still needed for bacterial sScRNA-seq
to reach its full potential. Methods need to increase sensitivity and
throughput, and solutions are needed for the computational challenges
of managing the unique biology and genetic organization of bacteria
compared with eukaryotes. Standardizationis also needed, including
quality control (QC) metrics similar to those established for eukaryotic
scRNA-seq. Without such metrics, it is difficult to compare bacterial
scRNA-seq methods, evaluate gains from technical and computa-
tionaladvances and, perhaps mostimportantly, assess the quality and
rigour of data from which new biological insights and conclusions
are drawn. A standardization framework is thus needed, in parallel
to current technological and computational efforts, to improve and
democratize this currently complex technology while reducing costs
to enable its more widespread application.

Technical challenges

Further improvements are needed to increase the sensitivity and
throughput of sequence-based scRNA-seq, both in terms of the num-
ber of detected genes and cells analysed, to more fully characterize
distinct and potentially rare cell types and states. Progress in through-
put has already been achieved through both combinatorial indexing
and droplet microfluidics, which capture tens of thousands and even
hundreds of thousands of cells'®'®?%*2; however, further improve-
ments to mRNA capture are still required. Each step of an scRNA-seq
protocolisopento further optimization to increase efficiency, includ-
ingthe steps of reverse transcription, mMRNA enrichment and/or rRNA
depletion, and sample handling, barcoding, library construction and
amplification. These methodologies are elaborate multi-step protocols
in which cells or RNA can be lost at each centrifugation or washing
step and the molecular complexity of the library diminishes with each
amplification cycle. Therefore, optimizing and streamlining protocols
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Fig. 5| Current and future applications of bacterial scRNA-seq. Bacterial
scRNA-seq can currently be used to determine subpopulation differences in cell
states in both static and dynamically perturbed populations of cells, the three-
dimensional architecture of cell types and states (spatial transcriptomics) and
interspecies polymicrobial interactions. Future directions for these technologies
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could include more functional genomic studies (for example, Perturb-seq),
host-pathogeninteractions at single-cell resolution and integrated multi-omic
approaches. Figure created in BioRender; Lab, H. https://biorender.com/e4uh5zv
(2026).

to minimize RNA loss is important and may necessitate automation
rather than manual handling, as was recently done for MATQ-seq*. In
particular, increasing the percentage of reads mapping to mRNA in
the final library, as opposed to mapping to rRNA, will help to demo-
cratize this technology by reducing sequencing costs, which have also
decreased dramatically.

Another major challenge unique to bacteriais the variable access
to mRNA content in each cell due to differences in cell wall composi-
tion, which has implications for cell permeabilization efficiency.
When the cell itself is used as a reaction vessel, all cells in a popula-
tion must be permeabilized in a way that leaves the vessel intact but
gives freeaccess to all reagents without allowing RNA to be degraded
or to diffuse away, resulting in the mixing of RNA between cells or
loss of signal. Hence, permeabilization is critical as variability can
lead to abiased representation of the community or enhanced ambi-
ent RNA contamination. Currently, this step must be tailored to
each individual experiment due to species- and strain-specific vari-
ations in cell wall components, such as LPS, peptidoglycan, teichoic
acids or polysaccharide capsule’>*. Even growth conditions and
environment can complicate matters further, for example, L-form
bacteria, which have no cell wall, can develop under antibiotic or
osmoticstress***and may be more susceptible to detergents but more
resistant to permeabilization reagents such as lysozyme®***, Most con-
cerningis variability in cell wall composition, which may resultin per-
meabilization differences across different subpopulations within the
same sample, as this could yield a distorted view of the phenotypic
landscape. While this could occur in single-species analyses, it cer-
tainly does occur in complex populations, such as the microbiota
or the environment, thus necessitating solutions to overcome
this challenge.

Finally, for complex, mixed populations of bacterial cells, even
uniformisolationand capture of different strainsin amixed population
can be challenging. For most scRNA-seq methods, cellular isolation
relies on multiple centrifugation steps; however, species differ in their
sedimentation coefficients and therefore do not pellet under the same
centrifugal conditions. Inamixed population of bacteria, this can result
inboth sample loss'® and bias. Solutions for these issues will be critical
toenable application of bacterial sScRNA-seq to complex, mixed popula-
tions such as the microbiota. Nevertheless, although these methods
dohave clear technological challenges and caveats, they have enabled
higher-resolution transcriptional profiling of different cell types and
states in single and mixed communities.

Computational challenges and potential solutions
Data analysisis acritical step for all scRNA-seq approaches. However,
bacterial data pose particular challenges that current computational
methods struggle to handle, such as mRNA sparsity, phylogenetic
diversity within complex communities and the unique organization
of gene expression programmes, which are less amenable to cell
clustering-based analyses. These challenges may require us to devise
new computational approaches specifically tailored to bacteria.
Theissue of MRNA sparsity is mitigated in eukaryotic analyses by
pooling thousands of transcriptionally similar cells, enabling infer-
ence across populations of cells. However, the even greater sparsity
for bacterial scRNA-seq pushes the limits of these approaches. One
possible solution is to impute ‘missing’ gene expression values, for
example, by leveraging the structure of operons that encode genes
as polycistronic RNA. Another strategy is to exploit the vast datasets
now attainable with combinatorial indexing or droplet barcoding
and use deep generative models to learn latent representations that
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capture important transcriptional features (for example, cell types and
regulatory networks) while discarding unwanted technical variation,
suchasnoise, library size and batch effects. This approach was used to
uncover the subtle impact of gene dosage on bacterial transcription
and toidentify operons and gene regulatory networks*:.

Even with reliable estimates of the transcriptional similarities
among cells, most analyses focus on clustering these cells into tran-
scriptionally distinct cell types or cell states. However, this framework
may not directly translate to bacteria due to their distinct regulatory
architectures. Unlike multicellular organisms, where tightly orches-
trated developmental programmes often give rise to recurrent and dis-
crete cellularidentities, bacteria often execute overlapping responses
tolocalenvironmental conditions, growth state, stress conditions and
stochastic gene expression. As aresult, cell clustering-based analyses
thatdonotincorporate these decentralized features of bacterial cells
may fail to resolve their cellular states. Thus, the objective for bacterial
analyses may extend beyond ‘cell-centric’ analyses to direct modelling
of their gene regulatory networks.

Gene-centric models, such as consensus non-negative matrix
factorization, represent each single-cell transcriptome as amixture of
distinct gene expression programmes. However, in extremely sparse
bacterial datasets, where cells contain tens of detected genes, it may
prove to be challenging to reliably estimate these programmes and
their proportions across cells. Future developments could leverage
the unique features of bacterial regulation, such as operons, toimpute
missing expression, providing a more complete view of the bacte-
rial transcriptome. In addition, rather than focusing on ultra-sparse
single-cell transcriptomes, future work could focus ongene-generela-
tionships, which canberobustly inferred by pooling data across cells.

Finally, bacteria evolve more rapidly than eukaryotes and acquire
new genes via horizontal gene transfer, with the result that closely
related strains of E. coli can vary by over 50% of their gene content™.
While previous work has focused onisogenic populations of bacteria,
applications to natural isolates or complex communities such as the
gut microbiota may lack suitable reference transcriptomes, which
will be needed for the alignment and quantification of transcripts
withinindividual cells. One solutionis to map reads onto catalogues of
genomes or metagenome-assembled genomes for the humanand envi-
ronmental microbiota, as was recently done with the bovine rumen?.
However, even this approach may fail to fully capture reference genes,
particularly for disease-associated strains that are not well represented
in reference databases. One powerful alternative approach is to per-
form de novo assembly of genomes and transcriptomes, leveraging
thecellular barcodes to link single cells to their genes, transcripts and
single nucleotide polymorphisms.

Standardization moving forwards

Given the breadth of existing approaches, as the field of bacterial
scRNA-seq grows and becomes more widely applied, we propose that
standardization and transparency will be critical. Although a range of
bacterial scRNA-seq technologies have now been reported, it is cur-
rently difficult to know the advantages and disadvantages of each.
For now, methods remain fragmented, operating in isolation within
individual laboratories, preventing comparison across technologiesin
controlled settings. The field must adopt standardized methodologies
to enable comparisons of established methods. Coordinated efforts
to implement and compare methods across institutes would better
identify strengths and weaknesses of methods, following examples
set by the successful consortium models established for the Human
Microbiome Project and the Human Cell Atlas. Inthe current landscape,
amajor challenge is the use of disparate model organisms, ranging
from E. colito P. aeruginosa and Bacillus subtilis, across a wide range
of growth conditions with no way to efficiently assess performance
across methodologies without costly experiments. Ideally, the field
would establish consensus model systems (for example, E. coli and

B. subtilis) and even specific strains, including phylogenetically diverse
species that display abundant, well-defined cell types (for example,
motile and sessile populations of B. subtilis’’) detectable with only
minimal sequencing coverage. Eukaryotic methods succeeded by
benchmarking against standardized tissues and cell types (for example,
peripheral blood mononuclear cells for single-cell methods and brain
for single-nucleus RNA-seq methods). Unlike eukaryotes, however,
bacterialack distinct cell types present at defined frequencies. Going
forwards, it will be critical to establish this ground truth for bacteriain
several model organisms grown under standard conditions that elicit
consistently predictable cell populations at defined frequencies for
benchmarking. Fromthere, one potential approachis to mix different
model species, grown under conditions that produce these well-defined
populations, at varying proportions. Such samples, if standardized
in the field, should enable the rapid assessment of single-cell purity,
taxonomic coverage and transcriptional state recovery, while providing
astandardized framework for platform evaluation. Finally, we suggest
that studies that help to empirically determine such benchmarking
standards should be viewed as foundational rather than incremental.

Given the immense variability of bacterial species and growth
conditions examined between studies and the current lack of bench-
marking standards by which to evaluate assay performance, we sug-
gest studies should incorporate within-experiment controls to assess
single-cell quality per experiment. We propose collision rate deter-
minations to ensure single-cell resolution in individual experiments
or microscopy, all the more important for bacteria that are prone to
clumping, and the inclusion of biological replicates to remove technical
artefacts. Wealso suggest that heterogeneity between subpopulations
determined using scRNA-seq should be validated using orthologous
methods such as RNA-FISH or flow cytometry as standard practice.

Currently, even with standardized methodes, it remains difficult
to directly compare the different technologies because QC metrics
have not yet been standardized for this rapidly evolving field. For
example, cell quality (thatis, numbers of cellsand numbers of detected
transcripts per cell) is highly dependent on (1) sequencing depth,
(2) cell-quality cut-offs, (3) bacterial species studied and their growth
phases, (4) rRNA depletion, and (5) throughput. Moreover, confound-
ing factorssuch as genomic DNA contamination, whichis challenging
toassessinbacterial cells due to their high coding densities, can errone-
ously inflate such metrics.

Toaddress these challenges, reporting of standardized QC metrics
that are measured across multiple quality thresholds (for example,
10, 25, 50,100 and 250 detected genes per cell) should be required.
Essential reported metrics for each study shouldinclude: cell recovery
rates, transcripts and unique molecular identifiers detected per cell,
multiplet rates, RNA collision rates, rRNA percentage and discarded
reads. These should be reported both as raw totals and with sequenc-
ing depth normalized via downsampling to enable fair cross-study
comparisons. This standardized framework would enable effective
comparisons across single-cell technologies, while highlighting unique
advantages (for example, cell quality, cell recovery and taxonomic cap-
ture) and an assessment of the quality of the data from which biological
conclusions are drawn.

Future directions

While innovation and refinement are still clearly needed, we now have
the tools to begin defining cell types and states in static populations
and to follow dynamic perturbations, with spatial resolution and in
mixed communities (Fig. 5). Moving forwards, given the broad range
of applications of eukaryotic single-cell transcriptomics, it is easy to
imagine that bacterial single-cell transcriptomics will similarly yield
numerousinsightsinto bacterial behaviour. One obvious new direction
istoleverage bacterial single-cell transcriptomics for more functional
studies (Fig. 5), in an equivalent of Perturb-seq’®, where the impact of
knockdown or knockout of specific genes on gene expression can be
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measured in pools, using CRISPR or transposon-mediated systems.
With this type of technology, one can imagine mapping the role of
individual genes in various cellular processes, mapping regulatory
networks and even examining how knockdown affects subpopulation
dynamics at the genome-wide scale.

While dual RNA-seq enabled the simultaneous profiling of interact-
ing host and pathogen**°, averaging over bulk bacterial populations
masks the heterogeneity underlying bacterial behaviours duringinfec-
tion and the role of specific subpopulations in infection phenotypes.
scRNA-seq could enable the definition of bacterial subpopulations
that differentially contribute to infection severity, invasion, latency
or persistence inresponse to antibiotic treatment. This heterogeneity
may be particularly critical duringinfection where a pathogenis likely
toencounter fluctuating environments and host responses throughout
the course of infection. One current limitation is the relatively large
number ofinput bacteriarequired to manage losses from cell collection
tofinallibrary preparation toyield sufficient numbers at the end of the
pipeline for analysis'®. While some experiments of this type may be pos-
siblewithinfected cellsin culture or from experimental animals where
material is less limiting, not all patient samples or infection models
may yet be amenable. The hope is that with further optimization and
technological improvements, such as has been recently reported
using hydrogel beads®, experiments of this type and resolution will
bepossible. Then, single-cell dual RNA-seq to characterize the hetero-
genous responses occurring during individual encounters between a
bacterium and a host cell*>**** will be achievable, including spatial
transcriptomic characterization of the host-pathogen and host-micro-
biotainteractions®, for example, in tissues, biofilms or granulomas.

Finally, afuture with more integrated multi-omic analysis includ-
ing bacterial scRNA-seq will enable a more comprehensive under-
standing of cell states and functions. For example, by simultaneously
analysing both RNA and protein expression—particularly of cell surface
proteins using DNA-barcoded antibodies—analogous to CITE-seq
(cellular indexing of transcriptomes and epitopes by sequencing)®’,
we may gain further insight into bacterial phenotypes such asimmune
evasion, virulence, environmental sensing and antibiotic responses.
Further coupling of spatial single-cell transcriptional methods with
advancesinimaging mass spectrometry to characterize metabolites or
peptides and proteins in microbiological samples® portends afuture of
understanding microbiology ataresolution that transcends currently
observable phenotypes.

The early studies described here have laid foundations to both
establish methodologies and begin to define the depth and breadth of
bacterial behaviour. How this heterogeneity contributes to complex
phenotypes—such the evolution of antibiotic resistance, the estab-
lishment of chronic infection, infection outcome, colonization and
maintenance of the microbiota, or the formation of complex microbial
communitiesin the environment—is an open areanowripe for further
exploration. Thus, this early work on bacterial single-cell transcriptom-
ics has brought us to aninflection pointin bacterial research.
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