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Abstract

Mutation acquisition is a major mechanism of bacterial antibiotic resistance that remains insufficiently characterised.
Here we present RM-seq, a new amplicon-based deep sequencing workflow based on a molecular barcoding
technique adapted from Low Error Amplicon sequencing (LEA-seq). RM-seq allows detection and functional
assessment of mutational resistance at high throughput from mixed bacterial populations. The sensitive detection of
very low-frequency resistant sub-populations permits characterisation of antibiotic-linked mutational repertoires in vitro
and detection of rare resistant populations during infections. Accurate quantification of resistance mutations enables
phenotypic screening of mutations conferring pleiotropic phenotypes such as in vivo persistence, collateral sensitivity
or cross-resistance. RM-seq will facilitate comprehensive detection, characterisation and surveillance of resistant
bacterial populations (https://github.com/rguerillot/RM-seq).

Keywords: Antibiotic resistance, Resistance mutations, Deep sequencing, Staphylococcus aureus, Mycobacterium
tuberculosis, Rifampicin, Daptomycin

Background
Antimicrobial resistance is on the rise and is responsible
for millions of deaths every year [1]. Bacterial populations
consistently and rapidly overcome the challenge imposed
by the use of a new antibiotic. Their remarkable ability to
quickly develop resistance is due to their capacity to ex-
change genes and to their high mutation supply rate.
Multidrug-resistant bacteria are therefore becoming in-
creasingly prevalent and drug susceptibility testing (DST)
is now central to avoid antibiotic misuse and minimise the
risk of inducing the emergence of new resistant clones.
Over recent years, genomics has become a powerful tool
to understand, combat and control the rise of resistance

[2, 3]. Nevertheless, a precise definition of resistance at
the genomic level is crucial to enable fast, culture-inde-
pendent DST by high-throughput sequencing in the clin-
ical context and to track and fight the spread and
persistence of resistant clones globally [3, 4].
The genomic basis of resistance is relatively straight-

forward to establish for resistance conferred by acquisi-
tion of a specific gene. The repertoire of resistance genes
(resistome) is now well defined and there are several cu-
rated databases and software prediction tools for resist-
ance genes detection [5–7]. In contrast, comprehensive
lists of mutations that confer antibiotic resistance are
lacking, despite equivalent clinical relevance. Resistance
to major classes of antimicrobials including quinolones,
beta-lactams, rifamycins, aminoglycosides, macrolides,
sulphonamides, polymyxins, glycopeptides and lipopep-
tides can all occur via mutations. In some species, such
as Mycobacterium tuberculosis, resistance to all thera-
peutic agents is mediated by mutations [8].
Resistance mutations can be effectively selected in vitro,

and so genome sequence comparisons of resistant clones
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derived from sensitive ancestral clones after antibiotic ex-
posure have permitted the identification of numerous
resistance-associated mutations [9–12]. From these stud-
ies, it is apparent that the mutational landscape for a sin-
gle antibiotic combination within a specific bacterium can
be broad [13–16]. Therefore, standard approaches relying
on sequence comparisons of single pairs of isogenic mu-
tants are not practical to extensively define the mutational
resistome.
Resistance mutations commonly arise in genes encoding

the primary drug target or central regulatory genes, such
as gyrA, parC, rpsL, gidB, rpoB, 23S rRNA, rplC, rplD and
walKR (for quinolone, aminoglycoside, rifampicin, linezo-
lid and glycopeptide resistance) [16, 17]. Because of their
implications in central cell processes, such as DNA repli-
cation, translation, transcription and cell-wall metabolism
regulation, mutations arising in these genes have been as-
sociated with a broad range of pleiotropic effects in
addition to the antibiotic resistance that they cause [17].
An increasing body of literature shows that antibiotic re-
sistance mutations can lead to broader negative thera-
peutic consequences through cross-resistance to other
antimicrobials [18–20], increased biofilm formation [21],
increased virulence [22–25] and enhanced immune eva-
sion [25–28]. However, there is currently no efficient
method to identify pleiotropic mutations. Comprehen-
sively identifying mutations associated with antibiotic
cross-resistance and increased risk of therapeutic failure
will provide crucial information for future personalised
medicine and will help to improve therapeutics guidelines
through a greater understanding of the drivers and conse-
quences of mutational resistance. At an epidemiological
and evolutionary level, understanding why specific resist-
ance mutations are preferentially selected might provide a
rational basis for development of effective measures to
combat the rise of resistance.
In this study, we developed an innovative workflow

called resistance mutation sequencing (RM-seq) that en-
ables the unbiased quantification of resistance alleles from
complex in vitro-derived resistant clone libraries, select-
able under any experimental condition, allowing identifi-
cation and characterisation of mutational resistance and
its consequences. Here we investigated mutational resist-
ance in Staphylococcus aureus and Mycobacterium tuber-
culosis and demonstrated that complex resistant sub-
populations can be effectively characterised in vitro or de-
tected in vivo using RM-seq.

Methods
In vitro selection of rifampicin-resistant clones
All experiments were conducted with S. aureus USA300
strain NRS384, acquired from BEI resources. Rifampicin-re-
sistant colonies were selected from 20 independent over-
night heart infusion (HI) 10 mL broth cultures (5 × 109

CFU/mL) inoculated from single colonies. Cultures were
pelleted at 10 min at 3000g and re-suspended in 200 μL of
HI broth (2.5 × 1011 CFU/mL). These concentrated over-
night cultures were then pooled and plated on HI plates
supplemented with rifampicin at 0.006, 0.5, 1, and 4 mg/L.
Given that the spontaneous resistance rate for rifampicin in
S. aureus is ~ 2 × 10−8 [29], 20 to 30 plates inoculated with
75 μL were necessary to recover ~ 10,000 resistant clones
after 48-h incubation at 37 °C. All resistant colonies were
recovered by scraping the plate flooded with 2 mL of phos-
phate buffered saline (PBS). After washing the pooled clone
libraries in PBS, aliquots were used for genomic DNA ex-
traction and RM-seq library preparation and stocked in
25% glycerol at − 80 °C.

Amplicon library preparation and deep sequencing
Genomic DNA was extracted from 1 mL aliquots ad-
justed to an OD600 of 5 in HI broth. Cells were pelleted
and washed twice in PBS and genomic DNA was ex-
tracted using the DNeasy Blood & Tissue Kit (QIA-
GEN). Random 16 bp barcodes were introduced by
performing 8 cycles of linear PCR with the primer
x_rmseq_F (Additional file 1: Table S1) using the follow-
ing PCR mix: 2 μL of x_rmseq_F (5 nM), 1 μL of gen-
omic DNA (6 ng/μL), 12.5 μL Phusion® High-Fidelity
PCR Master Mix (2X, New England BioLabs Inc.) and
6 μL H20. The following PCR cycle conditions were
used: 30 s at 98 °C, then 8 cycles of 10 s at 98 °C, 30 s at
50 °C, 30 s 72 °C, and a 2-min elongation step at 72 °C.
Following the final cycle of the linear PCR, samples were
cooled to 25 °C and the nested exponential PCR were
performed by immediately adding 3.5 μL of a primer
mix containing 2 μL of primer x _rmseq_R (100 nM),
0.6 μL forward and 0.6 μL reverse Nextera XT Index Kit
primers (10 μM), 0.3 μL H2O. The PCR conditions
above were then used for a further 25 cycles. The result-
ing amplicons comprising Illumina adaptor and indices
was purified with Agencourt® AMPure® XP magnetic
beads (Beckman Coulter) using beads/sample volume ra-
tio of 0.8. Purified amplicons were then normalised at
4 nM according to expected size and measured DNA
concentrations (Qubit™ dsDNA HS Assay Kit). Ampli-
cons with different indices were pooled and the sequen-
cing library was diluted to 15 pM with 10% phiX control
spike and sequenced on Illumina Miseq or Nextseq
using Reagent Kit v3 to produce 300 bp or 150 bp
paired-end reads. Sequencing reads of RM-seq experi-
ments are available from NCBI/ENA/DDBJ under Bio-
Project number PRJNA399605.

Bioinformatics analysis pipeline
The RM-seq pipeline processes raw reads after demulti-
plexing by the Illumina sequencing instrument. The pipe-
line uses bwa mem read aligner (0.7.15-r1140) [30] to map
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reads to a reference locus (rpoB) and samtools (v1.3) [31]
to remove unmapped and low-quality reads from the read
sets. Then pear (v0.9.10) [32] is used to merge paired
reads. Merged reads sharing identical barcodes are aligned
using Clustal Omega (v1.2.1) [33]. Cons from the EM-
BOSS suite (v6.6.0.0) [34] is used to collapse the align-
ments into single error-corrected consensus reads. To
speed-up processing, read alignment and consensus se-
quence generation tasks are executed in parallel using
GNU parallel [35]. Unique consensus DNA sequences are
identified via clustering using the cd-hit-est module of the
CD-HIT (v4.7) software [36]. Resultant unique representa-
tive consensus sequences are translated to amino acids
using getorf and annotated at the protein and nucleotide
level using diffseq, both modules of the EMBOSS suite.
The annotated effect of mutation is then re-associated to
each barcode in the final output table. The RM-seq bio-
informatics pipeline is available from Github (https://
github.com/rguerillot/RM-seq).

Construction of rpoB mutants by allelic exchange
Allelic exchange experiments were performed using shut-
tle vector pIMAY-Z [37] with some modifications.
Full-length rpoB sequences corresponding to the 19 differ-
ent rpoB alleles reconstructed by allelic exchange in the S.
aureus NRS384 strain were obtained by performing PCR
overlap extension with Phusion High-Fidelity DNA Poly-
merase (New England Biolabs) and introducing rpoB
codon mutations to the primer tails (Additional file 1:
Table S1). Gel-purified rpoB amplicons were then joined
with pIMAY-Z using Seamless Ligation Cloning Extract
(SLiCE) cloning [38] and transformed into Escherichia coli
strain IM08B [37] to allow CC8-like methylation of the
plasmid and bypass the S. aureus restriction barrier. The
presence of a cloned rpoB insert in pIMAY-Z plasmid was
then confirmed by colony PCR using primers pIMAY-
Z-MCSF and pIMAY-Z-MCSR. Purified plasmid was then
electroporated into S. aureus and plated on HI supple-
mented with chloramphenicol at 10 mg/L and X-gal
(5-bromo-4-chloro-3-indolyl-β-d-galactopyranoside; Mel-
ford) at 100 mg/L and grown 48 h at 30 °C. Blue colonies
were picked and grown in HI broth at 37 °C without Cm
selection pressure overnight to allow loss of the pIMAY-Z
thermosensitive plasmid. Double cross-overs leading to al-
lelic replacement of the wild type with the desired
rifampicin-resistant rpoB alleles were directly selected by
plating cultures on HI plates supplemented with 0.06 mg/L
of rifampicin. Rifampicin-resistant and chloramphenicol-
sensitive colonies arising at a frequency higher than 10−3

were considered as potentially positive clones for allelic ex-
change as spontaneous rifampicin resistance arises at a much
lower frequency of ~ 2 × 10−8 (resistant clones per culture)
[29] in the wild-type strain. Clones were then colony purified
on HI plates before glycerol storage and extraction of

genomic DNA. To validate the allelic exchange procedure,
the whole genome sequence of all reconstructed strains was
determined with the Illumina Miseq or Nextseq 500 plat-
forms, using Nextera XT paired-end libraries (2 × 300 bp or
2 × 150 bp respectively). To ensure that no additional muta-
tions were introduced during the allelic exchange procedure,
reads of all mutant strains were mapped to the reference
NRS384 genome [37] using Snippy (v 2.9) (https://github.-
com/tseemann/snippy). The results of the SNP/indel calling
of the reconstructed mutants were then compared with our
NRS384 WT reference isolate. The SNP/indel profile for
each mutant is presented in Additional file 1: Table S2 and
sequence reads have been deposited under BioProject num-
bers PRJNA360176 and PRJNA399605.

Antibiotic susceptibility testing and time kill assays
Rifampicin and daptomycin MIC were measured using
E-tests (BioMérieux) on Mueller-Hinton plates supple-
mented with 50 mg/L Ca2+ following the manufacturer’s
instructions. For daptomycin time kill assays, 10 mL of
brain heart infusion (BHI) broth supplemented with
8 mg/L daptomycin and 50 mg/L Ca2+ was inoculated
with 106 CFU/mL of an overnight culture. Cultures were
incubated at 37 °C with constant shaking, and samples
were collected at 3, 6 and 24 h time points. Cell survival
after daptomycin exposure was assessed by calculating
the ratio of the CFU at 3, 6 and 24 h on the CFU of the
initial inoculum (106 CFU/mL) and taking the average
colony counts of duplicate BHI agar plates. All daptomy-
cin time kill assays were performed in biological
triplicate.

Mutant differential abundance analysis after daptomycin
selection
Three replicates of daptomycin selection were performed
on a rifampicin selected population (in vitro 1 popula-
tion selected with rifampicin at 0.06 mg/L). A high initial
inoculum of 5 × 108 CFU/mL was used to recover a suf-
ficient amount of bacterial DNA from surviving cells
after daptomycin exposure. After 3 h or 24 h of exposure
to daptomycin at 8 mg/L, surviving bacterial populations
were pelleted and washed. To remove extracellular DNA
resulting from daptomycin-induced cell death, cell pel-
lets were incubated 45 min at 37 °C with 1 μL of Ampli-
fication Grade DNase I (1 U/μL Invitrogen) in 5 μL of
10X DNase I reaction buffer and 44 μL laboratory grade
H2O. Then, DNase I was inactivated with 5 μL of
25 mM EDTA (pH 8.0) and 10 min incubation at 65 °C.
Genomic DNA was extracted, and rpoB mutant abun-
dance was assessed by RM-seq as described above. Dif-
ferential abundance analysis of the mutant before and
after daptomycin exposure was performed with the R
DESeq2 (1.10.1) package [39], using the count of muta-
tion calculated from table output of the RM-seq data
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processing pipeline. DESeq2 analysis was performed
with all mutations count superior to 1 using default pa-
rameters and Cooks cut-off set to false. The Wald statis-
tical test performed by DESeq2 to estimate the
significance of the changes in mutation abundance after
exposure to daptomycin was used to screen rpoB muta-
tions that were associated with increased or decreased
tolerance to daptomycin. The detailed explanation of
this test is described in [39]. Wald test P values were ad-
justed for multiple testing using the procedure of Benja-
mini and Hochberg [40].

Mouse infection model
Wild-type 6-week-old female BALB/c mice were injected
via the tail vein with approximately 2 × 106 colony-forming
units (CFU) in a volume of 100 μL PBS. The mice were
monitored every 8 h until completion of the experiment
and were euthanized after 1 day or 7 days post-infection.
Bacteria from the liver, kidney, and spleen were recovered
by mechanical homogenisation in 1 mL of phosphate buff-
ered saline (PBS), serially diluted and plated on BHI plates.
Colonies forming after overnight incubation at 37 °C were
pooled and assessed by RM-seq.

Detection of resistant sub-populations of M. tuberculosis
from sputum samples
DNA was extracted from isolates cultured from sputum
specimens as previously described [41]. RM-seq libraries
were prepared as described above using the rmseq
primers specific to pncA, ethA, and rpoB resistance de-
termining regions (Additional file 1: Table S1). Deep se-
quencing was performed on a Nextseq 500 platform
using Reagent Kit v3 to produce 150 bp overlapping
paired-end reads and analyses were performed using the
RM-seq bioinformatics analysis pipeline. Primary M. tu-
berculosis culture and phenotypic susceptibility testing
was performed using the radiometric BACTEC 460TB
system (Becton Dickinson).

Results
The RM-seq workflow
RM-seq is an amplicon-based, deep sequencing technique
founded on the single molecule barcoding method [42].
Here we have adapted the LEA-seq barcoding method
first described for unbiased detection of 16S rRNA gene
alleles, in order to identify and quantify at high-through-
put, mutations that confer resistance to a given antibiotic
[42, 43]. RM-seq can take advantage of the ability of bac-
teria to quickly develop resistance in vitro to identify and
functionally characterise resistance-associated mutations
at high throughput. A large and genetically diverse popu-
lation of resistant clones that encompass the mutational
landscape of resistance is selected (Fig. 1a). In order to
maximise the genetic diversity, a large number of resistant

clones (~ 10,000) are pooled from multiple independent
culture and genomic DNA of the mixed resistant popula-
tion is extracted and the mutational repertoire interro-
gated by amplicon deep sequencing.
The high sensitivity and the accurate quantification of

the frequency of all the selected mutations in a given
genetic locus, enabled screening of complex, mixed li-
braries of resistant clones. In theory, genetic interactions
can be tracked and associated with any selectable pleio-
tropic phenotype of interest (e.g. cross-resistance to
other antimicrobials, immune evasion) by measuring the
relative abundance of resistant clones before and after
selection. Specific mutations that favour the growth or
survival under in vitro or in vivo test condition will in-
crease in frequency within the population and be readily
detected by RM-seq.
Unbiased allele quantification and a low error rate are

enabled by single-molecule barcoding during the PCR
amplicon library preparation (Fig. 1b). Sequencing reads
sharing identical barcodes are grouped to create consen-
sus sequences of the genetic variants initially present in
the population. The single-molecule barcoding step has
two major advantages. Firstly, it allows error correction
of the sequenced DNA and thus high confidence in call-
ing of resistance-associated mutations that might occur
at a frequency well below the inherent error rate (~ 1%
[44]) of the sequencer. Secondly, it permits accurate
quantification of allele frequencies by correcting for the
amplification bias introduced during the exponential
PCR step. The RM-seq bioinformatics pipeline takes as
input the raw reads and outputs a table of all annotated
substitutions, insertions and deletions identified in the
selected population given the original sequence (the tar-
get locus sequence before selection). A diagram of the
steps in the data analysis pipeline is presented in Fig. 1c
(RM-seq analysis tool is available from https://github.-
com/rguerillot/RM-seq).

Sensitive and quantitative detection of single-nucleotide
variants in complex bacterial populations
To assess the capability of the RM-seq protocol to detect
and quantify rare genetic variants from mixed popula-
tions of resistant bacteria, we first evaluated its error
correction efficiency. We sequenced at high depth a
270 bp region comprising the rifampicin resistance-de-
termining region (RRDR) of a S. aureus rifampicin sus-
ceptible isolate (wild-type strain NRS384). By counting
incorrect nucleotide calls at each position after aligning
raw reads to the WT sequence, we found an average
error rate per position of 2.8 × 10−2 ± 1.7 × 10−2 (stand-
ard deviation [SD]), which is commonly observed for the
Miseq instrument [44]. Merging forward and reverse
reads replaces the lower quality score bases from one
read by the higher quality score of the paired read and
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reduced the error rate by an order of magnitude to 5.6 ×
10−3 ± 4.4 × 10−3 (SD). By reconstructing consensus
reads supported by at least 10 reads, the RM-seq further
reduced the error rate by three orders of magnitude to
1.16 × 10–5 ± 3.1 × 10−5 (SD) (Fig. 2a). At the protein
level no further mutations were observed among the
16,516 consensus reads generated (error rate < 6 × 10−5).
We then tested the performance of RM-seq genetic vari-

ant quantification on a defined population of genetically
reconstructed rifampicin-resistant clones. Six different
double or single nucleotide variants (SNV) representing
different rifampicin-resistant rpoB mutants were mixed at
a relative CFU frequency of 0.9, 0.09, 0.009, up to
0.000009. We applied RM-seq protocol three times inde-
pendently from three different genomic DNA extractions
obtained from this mock community. After library prepar-
ation and sequencing on the Illumina MiSeq platform, we
obtained 1.8–2.2 million raw reads per library, which
yielded between 32,433 and 35,496 error-corrected con-
sensus reads, supported by 10 reads or more. At this se-
quencing depth, the mutants ranging from a relative
frequency of ~ 1 to 10−4 were readily identified in all three
replicates. The normalised count of the different mutants
showed little variation between the replicate experiments

(Fig. 2b) and we observed a very good correlation between
the expected mutant frequencies and the observed fre-
quencies after RM-seq (Fig. 2c). We also assessed the
technical variability of the detection and quantification of
RM-seq by independently processing three times the same
complex population of in vitro selected resistant clones
(~ 10,000 colonies). The relative standard error (RSE) of
variant quantification ranged from 0.3% for the most fre-
quent to 38% for rarest variants and the median RSE was
11% (Fig. 2d).

High-throughput identification of rifampicin resistance
mutations
In order to comprehensively characterise the mutational
repertoire associated with rifampicin resistance, we ap-
plied RM-seq on the RRDR of three independent pools of
~ 10,000 colonies capable of growing on agar supple-
mented with 0.06 mg/L of rifampicin (European Commit-
tee on Antimicrobial Susceptibility Testing [EUCAST]
non-susceptibility clinical breakpoint). In total, we identi-
fied 72 different predicted protein variants; among these,
34 were identified in the three independent resistant pop-
ulations, 17 variants were identified among two resistant
populations, and 21 were identified in a single selection

Fig. 1 RM-seq workflow. a Schematic view of the experimental design. A large population of resistant clones are selected in vitro from multiple
independent cultures. The mutation repertoire selected in a resistance-associated locus is then identified by amplicon deep sequencing. Analysis of the
differential abundance of resistance mutations among a resistant clone library before and after a subsequent in vitro (cross-resistance) or in vivo (mouse
infection model) selection pressure permits the screening of pleiotropic resistance mutations. b Amplicon library preparation and deep sequencing.
Unique molecular barcodes are introduced by linear PCR (template elongation) using a primer comprising a 16 bp random sequence (green, yellow and
blue part of the middle section of the linear PCR primer). Nested exponential PCR using three primers adds Illumina adapters (blue and yellow primer tails)
and indices for multiplexing (black and grey primer sections). Grouping of the reads sharing identical 16 bp barcodes allows differentiation of true SNPs
(red, pink and yellow) from sequencing errors (black) by consensus sequence reconstruction using multiple reads from the initial template molecule.
Counting the number of unique barcodes for each variant provides an unbiased relative quantification of sequence variants. c Bioinformatics analysis
pipeline. The diagram represents the different steps in the data processing pipeline. The bioinformatics programs used in the pipeline are indicated
in italics
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experiment (Fig. 3). According to our recent extensive lit-
erature review of the alleles previously associated with ri-
fampicin resistance [45], 30 mutations were previously
associated with rifampicin non-susceptibility and 42 alleles
identified by RM-seq represent new associations.
By looking at the different mutated positions, 21 amino

acid positions were repeatedly affected along the RRDR
with a similar pattern of mutation frequency at these posi-
tions. We observed that 11 different amino acid positions
have never previously been associated with rifampicin re-
sistance. The 3D structure modelling of S. aureus RpoB
protein from Escherichia coli RpoB-rifampicin structure
showed that the mutated positions were all in close prox-
imity (≤ 10 Å) to the rifampicin binding pocket of the
beta-subunit of the RNA polymerase (Additional file 2:
Figure S1). Therefore, amino acid sequence alteration at
these positions are likely to reduce the rifampicin-RNA
polymerase affinity and thus to promote resistance. Inter-
estingly, several residues in close proximity to the rifampi-
cin binding pocket were never affected, suggesting that
amino acid substitution at these locations do not impair
rifampicin binding or that functional constraints make
changes to these positions lethal for S. aureus. The vast

majority of the variants led to amino acid substitutions
and several positions, such as 471 and 481, were found to
be affected by a high number of different substitutions (11
and 12, respectively). We also observed one complex in-
sertion (S464QF) and eight different deletions. Positions
485 and 487 represented deletion hotspots, as they were
affected by single, triple and quadruple residue deletions
(L485., LSA485., LSAL485.) and single and double dele-
tions (A487. and AL487.), respectively.
We used allelic exchange and site-directed mutagenesis in

the WT susceptible background (rifampicin MIC 0.012 mg/
L) to reconstruct 19 different rpoB alleles that were identified
by RM-seq. After whole genome sequencing was used to en-
sure no secondary non-synonymous mutations or insertion/
deletion were introduced (Additional file 1: Table S2), we
confirmed that all these mutations resulted in rifampicin
non-susceptibility or resistance with rifampicin MICs above
0.095 mg/L (Additional file 1: Table S3).

High-throughput genotype to phenotype associations of
resistance mutations with clinical breakpoints
To test if RM-seq could be applied to link a repertoire of
resistance mutations to a particular resistance threshold, we

Fig. 2 Assessments of the RM-seq protocol. a Error correction evaluation. RM-seq error correction combining merging of paired-end reads with consensus
sequence determination from grouped reads sharing identical barcode allows a three order of magnitude reduction in false SNP calling when compared
with raw reads calling for the different base. b Quantification of populations of S. aureus rpoB mutants. Three independent assessments of rpoB mutants
from three independent genomic DNA preparations originating from a defined population are presented by the different blue bars (technical replicates). c
Correlation of observed versus expected SNV frequencies. Blue points represent means and error bars represent SEM of three technical replicates. The blue
line represents the linear regression of the frequencies measured by RM-seq and the dashed line represent the perfect correlation between expected and
observed frequencies. d Quantification of S. aureus rpoBmutants from a complex population of in vitro selected rifampicin-resistant mutants. Columns
represent mean normalised counts of the different rpoB mutations that were observed among all triplicates, and error bars represent SEM
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selected rifampicin-resistant clones, grown on plates sup-
plemented with different concentrations of antibiotic (in
this case, rifampicin). To select resistant sub-populations,
we used the most widely used clinical resistance break-
points from the guidelines of the European Committee on
Antimicrobial Susceptibility Testing (EUCAST) and the
Clinical & Laboratory Standards Institute (CLSI) [46, 47].
Therefore, we selected sub-populations growing on plates
supplemented with rifampicin at concentrations of 0.06 mg/
L (EUCAST non-susceptibility), 0.5 mg/L (EUCAST resist-
ance), 1 mg/L (CLSI non-susceptibility) and 4 mg/L (CLSI
resistance). The result of resistant sub-population detection
and quantification by RM-seq associated with the different
antibiotic concentration thresholds is presented in Fig. 4.
Among 43 mutations, 24 mutations were detected at all anti-
biotic concentration thresholds and therefore would be clas-
sified as resistance-conferring mutations by both guidelines.
Among the 19 other mutations detected, four were associ-
ated with resistance levels ranging from 1 to 4 mg/L, three
with resistance ranging from 0.5 to 1 mg/L and the
remaining 12 with resistance ranging from 0.006 to 0.5 mg/
L. Interestingly, S. aureus with any of these last 12 alleles, se-
lected only at low antibiotic concentrations, would be classi-
fied as non-susceptible by EUCASTand susceptible by CLSI.

Similarly, S. aureus with three mutations associated with re-
sistance by EUCAST would be classified as susceptible by
CLSI (Fig. 4).
We used mutants reconstructed by allelic-exchange to

verify that the resistance level predicted by RM-seq
matched the MIC conferred by a particular allele.
Among 17 reconstructed mutants tested, 16 showed
MICs in complete accord with the RM-seq prediction
(Additional file 1: Table S3). One mutant (D471G) with
a borderline measured MIC of 0.5 mg/L was predicted
to have an MIC superior to 0.5 and inferior or equal to
1 despite showing clear reduction in abundance on
0.5 mg/L plate by RM-seq (Fig. 4).

High-throughput screening of resistance mutations
associated with antimicrobial cross-resistance or collateral
sensitivity
In order to evaluate if RM-seq can be used to character-
ise pleiotropic resistance mutations that confer an in-
creased or decreased susceptibility to a second antibiotic
(cross-resistance or collateral sensitivity respectively), we
followed the differential abundance of resistance muta-
tions of a complex rifampicin-resistant population after
selection with a second antibiotic, daptomycin. We

Fig. 3 Rifampicin resistance-associated mutations detected by RM-seq. Three independent selection experiments of ~ 10,000 resistant colonies were
assessed by RM-seq of the rpoB gene RRDR region. The histograms (upper) represent the normalised mutation counts identified along the sequenced
region of the RRDR for the three different selection experiments, with bar colour representing the types of mutation (red for deletions, green for insertions
and blue for substitutions). The range of mutations affecting each residue is depicted in the associated heat map (lower panel). The intensity of the blue
represents allele frequencies for each selection experiment. Mutations observed from consensus reads reconstructed with at least 10 reads and with a
relative frequency greater than 6 × 10−5 or identified from all three independent selection experiments are represented. Resistance mutations that were
confirmed by genetic reconstruction are indicated in red (Additional file 1: Table S3). Mutations and positions previously associated with rifampicin
resistance are indicated with a star
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chose daptomycin because it is a last-line antibiotic used
against multidrug-resistant S. aureus, commonly de-
ployed in combination therapy with rifampicin to treat
complicated infections [48–50]. Furthermore, some rpoB
mutations have been previously associated with subtle
changes in daptomycin MIC [51, 52]. We screened for
pleiotropic effects on daptomycin resistance by perform-
ing three independent time killing experiments using a
large in vitro-derived population of rifampicin-resistant
clones. Daptomycin concentrations of 8 mg/L corre-
sponding to the minimal plasma concentration com-
monly reached during standard antibiotic therapy were
used [53]. Survival of the rifampicin-resistant population
at 3 h represented 1.6% (± 0.1 SEM) of the initial inocu-
lum and bacterial regrowth was observed to 8.8% (± 6.9
SEM) at 24 h (Fig. 5a). The abundance of all rifampicin
resistance mutations were then quantified by RM-seq for
the initial bacterial population (the inoculum) and the
surviving population at 3 h and 24 h after daptomycin
exposure for the three independent killing experiments
(Fig. 5b).
We tested for significant differential abundance of all

the different mutations detected (Fig. 5c). After 3 h of
daptomycin treatment, one mutation appeared to

increase in frequency (Q468K) and another decreased
(P519L) but the null hypothesis (no change) could not
be rejected (p > 0.05 after correction for multiple testing
[Wald test]). At 24 h of daptomycin selection, differen-
tial abundance of these two mutations increased, to-
gether with 10 other rifampicin resistance mutations
when compared with the mutant abundance in the ini-
tial population (Fig. 5d). All the rifampicin resistance
mutations that were previously identified as conferring
decreased susceptibility to daptomycin (n = 6) were
found enriched after daptomycin selection, and four mu-
tations had significant fold changes at the 24-h time
point (p < 0.05, Wald test). These experiments show that
changes in relative allele abundance as measured by
RM-seq are concordant with changes in daptomycin sus-
ceptibility [52, 54].
In order to validate the use of RM-seq as a screening

method to identify new mutations that confer
cross-resistance or collateral sensitivity, we introduced
in the wild-type strain by allelic exchange seven
rifampicin-resistant mutations that were significantly
enriched and three mutations that were significantly rar-
efied after daptomycin selection. Among these muta-
tions, MIC testing validated six of the seven rifampicin

Fig. 4 Association of resistance mutations with clinical MIC breakpoints. The histogram represents the relative abundance of individual mutations
recovered from the selected sub-population. The colour yellow to red represents the rifampicin concentration used for selection. The antibiotic
concentrations were chosen according to the CLSI and EUCAST guidelines (see legend). The detection (grey box) and disappearance (white box)
of a particular allele from the population at the different antibiotic selection breakpoints is depicted on the right of the histogram. The presence
or absence of allele detection at the different antibiotic concentration breakpoints was used to associate the alleles with sensitive, non-susceptible or
resistant classification of the CLSI and EUCAST guidelines (S, susceptible; R, resistant; N-S, non-susceptible)
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resistance mutations as decreasing susceptibility to dap-
tomycin and one mutation as increasing the daptomycin
susceptibility (Additional file 1: Table S3). We then per-
formed daptomycin time kill assays and found that even
though the D471E mutation did not show a decreased
MIC to daptomycin (Additional file 1: Table S3), this
mutant was less tolerant to daptomycin (Fig. 5e), con-
cordant with the RM-seq prediction which demonstrated
reduced abundance of this mutation after daptomycin
exposure (Fig. 5d). Similarly, rifampicin resistance muta-
tions L488S, G489V, A477V and Q468K were clearly as-
sociated with increased tolerance to daptomycin killing
(Fig. 5e).
Taken together, our data demonstrate that RM-seq can

identify pleiotropic resistance mutations conferring
changes in susceptibility to a secondary antibiotic from
large pool of resistant clone selected in vitro after expos-
ure to a primary antibiotic.

Tracking-resistant clones in vivo in a mouse infection
model
The relationship between resistance selection, in vivo fit-
ness cost and pathogenicity has been a long standing re-
search topic [24, 27, 55–57]. In a proof-of-principle
experiment to investigate the dynamics and fitness of

resistance mutations in vivo, we followed the abundance
of rifampicin resistance mutation by RM-seq in a mouse
model of persistent infection. Six-week-old BALB/c mice
were injected via the tail vein with a complex, in
vitro-derived population of rifampicin-resistant mutants
that also included susceptible WT clones. We then
quantified the abundance of RpoB mutants in the inocu-
lum and at 1 and 7 days post-infection in the kidney,
liver and spleen of the mice (Fig. 6). At 24-h
post-infection, we recovered a diverse set of RpoB mu-
tants with different relative abundances in the two mice
tested. The diversity of mutants appeared to be reduced
when compared with the inoculum in the different or-
gans and several initially abundant mutants were not re-
covered showing a rapid clearance of several inoculated
clones. Interestingly, at 7 days post-infection, we ob-
served a drastic reduction in resistant clone diversity
with only a small number of clones dominating. This re-
sult supports the concept that the establishment of S.
aureus infection in the mouse is highly clonal, following
a “bottleneck” in which very few bacterial cells establish
infectious foci or abscesses in invaded organs [58]. Des-
pite the intravenous inoculum containing a diversity of
resistant clone, we observed that within a given mouse
different organs were infected with the same clones.

Fig. 5 Screening of resistance mutations associated with cross-resistance or collateral sensitivity. a Daptomycin selection (8 mg/L) of a pooled
population of in vitro selected rifampicin-resistant clones. Survival was quantified by CFU counting on BHI agar plates at 3 h and 24 h of
exposure. Error bars represent ± SEM of three independent exposures to daptomycin. b Rifampicin-resistant mutant quantification of rifampicin
mutant before and after 3 h or 24 h of daptomycin exposure. Each bar of the histogram represents the averaged normalised count of the
different rpoB mutants in the population. Average quantification of the three replicates at T = 0 and after daptomycin exposure are indicated by
blue and red bars respectively. Bars are superimposed for each mutant and overlap of the bars are coloured in purple. Increases and decreases in
allele frequencies after daptomycin exposure are indicated by red and blue bars respectively on the top of purple bars. c Volcano plot showing
fold change in rpoB alleles frequency after 24 h of daptomycin exposure. Each dot represents a different rpoB mutant. Orange dots represent
mutants with p value < 0.1 by Wald test. d Rifampicin resistance mutations associated with significant fold change after 24 h of daptomycin
treatment. Mutations with positive and negative log2 fold change are predicted to be associated with cross-resistance and collateral sensitivity to
daptomycin, respectively. The intensity of the blue coloration of the bars represents adjusted p values (Wald test). e Daptomycin time kill assays.
Rifampicin-resistant mutants were assessed in triplicates (biological replicates), points represent the mean survival at each time point and error
bars SD. Dashed lines represent detection limit

Guérillot et al. Genome Medicine  (2018) 10:63 Page 9 of 15



We then infected mice with an inoculum comprising
an equal amount of 10 reconstructed RpoB mutants to-
gether with the wild-type-susceptible strain. After 7 days
of infection, four mice were analysed for RpoB mutant
abundance by RM-seq. As observed in the previous ex-
periment, the wild-type allele did not persist after
7 days, showing that resistant clones are not outcom-
peted by the wild-type clone for persistence in the
mouse model; even without antibiotic selective pressure
(Fig. 6). Three out of four mice were infected with
clones encoding the H481N mutation, which has been
found to be the most frequent mutation among se-
quenced S. aureus human isolates [45], two had the
L466S, H481N double mutation and one had H481N
only. Intriguingly, because the mice were infected sim-
ultaneously with 11 different clones, the probability is
low that at least two mice would become infected with
the L466S, H481N by chance (p = 0.043). The probabil-
ity is also low that at least three mice would become
randomly infected by a clone encoding the H481N mu-
tation (p = 0.057). Given the relatively small number of
mice investigated here, no conclusions can be drawn on
the potential competitive advantage of specific resist-
ance mutations in vivo. Nevertheless, we show here
that RM-seq can be used to follow the dynamics of
complex populations of clones in a mouse infection
model and that the design of complex multi-clone com-
petition assays in vivo is achievable with RM-seq.

Detection of low-frequency resistant sub-populations of
M. tuberculosis from sputum samples
A primary motivation for developing RM-seq is to re-
duce inappropriate antimicrobial therapy by allowing the
early detection of low-frequency drug-resistant
sub-populations that can arise during antimicrobial ther-
apy. Treatment of tuberculosis, caused by infection with
M. tuberculosis, could be significantly improved by an
accurate and sensitive amplicon sequencing method.
This is because phenotypic testing of resistance take
weeks to obtain a result and current rapid molecular
diagnostic methods only detect a handful of commonly
occurring mutations and have low sensitivity for the de-
tection of resistant sub-populations [59]. To assess the
potential applicability of RM-seq for clinical detection of
resistant sub-population, we retrospectively applied
RM-seq on genomic DNA extracted from cultured spu-
tum sample of a previously reported example of chronic
pulmonary multidrug-resistant tuberculosis that had
been investigated by whole genome sequencing [60].
Here we investigated the emergence of resistance muta-
tions from two samples (sampling interval of 11 years)
of three different loci in the genes rpoB, pncA and ethA
associated with resistance to rifampicin, pyrazinamide
and ethionamide. The multiple changes that were made
to the treatment regimen are summarised in Fig. 7.
Using RM-seq, we found four other low frequencies of
rpoB mutants in addition to the dominant rpoB-S450L

Fig. 6 In vivo detection of rifampicin resistance mutations in a mouse persistence model. The heat maps represent quantification of RpoB
mutants in kidney, liver and spleen of eight different mice after 1 or 7 days infection with a complex in vitro selected population (mice M1 to M4
on the left) or with a genetically defined population of rifampicin-resistant clones (mice M5 to M8). The columns labelled “inoc.” represent the
initial inoculum. Grey and black boxes represent low and high relative allele abundance
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alleles previously associated with rifampicin resistance in
this case (Fig. 7) [61]. Among those, rpoB-H445N (fre-
quency of 1.24 × 10−3) and rpoB-G442W (frequency of
6.86 × 10−4) represent known rifampicin resistance-con-
ferring alleles [62, 63]. In the later sputum samples col-
lected 12 years after the end of rifampicin treatment,
these low frequency sub-populations of rifampicin-resist-
ant clones were not detected but the dominant
rifampicin-resistant population harbouring mutation
rpoB-S450L persisted together with a low-frequency
population harbouring the rpoB-P471Q allele. In associ-
ation with pyrazinamide resistance the resistant allele
pncA-I31F dominated the population after a year and
half of treatment together with a low frequency of
double mutant sub-population represented by the allele
pncA-R29S-I31F. The resistant mutant pncA-I31F was
also detected on the later isolate. Surprisingly, early sam-
ples were susceptible to pyrazinamide as established by
phenotypic testing despite a high prevalence of the
pncA-I31F-resistant allele. For ethionamide resistance,
the wild-type version of the gene ethA was initially dom-
inant in the population (frequency of 8 × 10−1) together
with a low-frequency allele not associated with resistance
ethA-H102P (frequency of 2 × 10−1). The ethionamide

resistance mutation ethA-ΔA338 causing a frameshift in
the gene was readily detected in accordance with pheno-
typic testing in the later sputum sample. Thus, RM-seq
was able to identify low-frequency sub-populations of
antibiotic-resistant M. tuberculosis.

Discussion
In this study, we designed and validated a new
high-throughput workflow call RM-seq that enables fast
and comprehensive characterisation of antibiotic resist-
ance mutations. We show that a straightforward mo-
lecular PCR-based barcoding step coupled with high-
throughput sequencing significantly reduces background
sequencing noise and permits accurate identification and
quantification of rare resistance mutations in complex
bacterial populations. By applying RM-seq on large pools
of in vitro selected rifampicin-resistant S. aureus clones,
we demonstrate that the mutational resistome of a re-
sistance locus can be defined. We found that the range
of rifampicin resistance mutations in S. aureus is broader
than previously understood, highlighting the inadequacy
of our understanding of the genetic basis of resistance.
Here, 72 mutations were associated with rifampicin re-
sistance in S. aureus. In comparison, the Comprehensive

Fig. 7 Detection of low-frequency resistant sub-populations of M. tuberculosis from sputum samples. Depicted on the top left are the antibiotics used
with the date that each treatment was initiated and the duration indicated by the blue horizontal bars. The two triangles at the top of the figure
represent the early and late DNA extracts used for RM-seq. The table at the bottom shows phenotypic testing and RM-seq results for rifampicin,
pyrazinamide and ethionamide for the two samples tested. For RM-seq results the frequency of each allele is indicated and the number of consensus
reads is in parenthesis. Alleles in bold and annotated with star represent alleles known to confer antibiotic resistance. Consensus reads reported were
reconstructed from at least six reads and alleles represented by at least 50 consensus reads
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Antibiotic Resistance Database (CARD) only contains
six rifampicin resistance mutations [5]. As the RM-seq
protocol can be applied on any combination of microor-
ganisms and resistance, its use has the potential to
greatly enhance current knowledge on microbial adapta-
tion to antibiotic exposure.
One limitation of RM-seq is the size limit of the se-

quenced region that can be interrogated by a single
amplicon (270 bp with fully overlapping reads). This
limitation is imposed by the maximum read length of
Illumina® paired-end sequencing technology. Neverthe-
less, because RM-seq is compatible with standard Nex-
tera® indexing primers, up to 384 resistance targets can
be multiplexed in a single sequencing run. Furthermore,
when performing read sub-sampling simulation, we
found that the number of high-quality consensus reads
increase almost linearly with the number of reads when
performing low-depth sequencing (Additional file 2: Fig-
ure S2). As little as 140,000 reads would be sufficient to
obtain 10,000 consensus reads supported by 10 reads.
Theoretically, all resistance variants arising among more
than 350 different targeted regions of 270 bp would be
accurately identified from a mixed population 1000 bac-
terial clones using a single MiSeq run (94,500 bp, ~ 86
different genes). This kind of experimental design would
be valuable to characterise the genetic basis of poorly
defined resistance mechanisms or to determine all the
resistance mutation arising in a particular gene. During
the preparation of this manuscript, we scanned the full
genes mprF (2523 bp) and cls2 (1482 bp) for mutations
conferring daptomycin resistance in S. aureus by se-
quencing 10 and six amplicons respectively (manuscript
in preparation). For the development of diagnostic tool,
multiple resistance hotspots could be assessed by RM-
seq using a similar design.
RM-seq trades sequencing depth with accuracy of detec-

tion and require a relatively high-sequencing depth (Add-
itional file 1: Table S4) to be effective. Compared with
widely used PCR deep sequencing approaches, the
method repeatedly sequences the same template DNA
molecule to allow consensus-based sequence error correc-
tion. This permits accurate detection and quantification of
sequence variants that occur at a frequency below 10%.
When mutations are expected to occur at a frequency
above 10%, then barcoded amplicon deep sequencing is
not necessary (see error correction comparison of Fig. 2a).
The application of RM-seq is not restricted to the

high-throughput identification of resistance mutations
and can also be used to characterise the phenotypic im-
pact of specific resistance mutations. We demonstrate
here that differential mutation abundance analysis can be
performed to link subsets of mutations with clinical resist-
ance breakpoints and to identify resistance mutations that
favour survival or multiplication in particular conditions.

Comparisons of allele frequencies in mixed populations
before and after exposure to a second antibiotic permitted
the identification of specific resistance mutations that con-
fer cross-resistance and collateral sensitivity. The demon-
stration that several specific rifampicin resistance
mutations can prevent bacterial clearance by daptomycin
in vitro can have potential clinical implication regarding
the usage rifampicin and daptomycin in combination ther-
apy. A deeper understanding of how evolution of micro-
bial resistance towards a given antibiotic influences
susceptibility or resistance to other drugs would have pro-
found impact as it could be exploited to fight resistance
rise through combination therapy or by the temporal cyc-
ling of different antibiotics [18, 64, 65].
We also showed that the persistence of resistance alleles

can be followed during experimental infection (murine
blood stream infection model). As it is known that specific
resistance mutations can favour pathogenesis and immune
evasion [24–26], RM-seq can be used to screen for resist-
ance mutations that increase or decrease survival against
ex vivo selective pressures (e.g. whole blood killing, phago-
cytosis, antimicrobial peptide killing, complement killing)
or that favour colonisation or tissue invasion (e.g. biofilm
formation, cell attachment, intracellular persistence). A
better characterisation of critical resistance mutations that
confer cross-resistance or that impact pathogenesis would
permit both improving antibiotic resistance surveillance
and drug management if a higher therapeutic risk is
confirmed.
Fast and culture-independent molecular diagnostic

tools have revolutionised pathogen identification and re-
sistance typing in clinical settings. We show here that
RM-seq can be used to detect very low frequency
sub-population of resistant clones from patients infected
by M. tuberculosis. The development of diagnostic tools
based on the combination of PCR-based barcoding and
massively parallel sequencing represents a promising ap-
proach for the next generation of genetic-based diagnos-
tics. RM-seq has potential advantages over standard
quantitative and molecular probe-based diagnostic tests.
For instance, RM-seq would be more sensitive than the
current best practice platform for rifampicin resistance
detection in M. tuberculosis, GeneXpert, as this platform
fails to identify sub-populations of rifampicin-resistant
strains representing less than 10% of the population [59]
and digital PCR and qPCR assays that have been vali-
dated for rare mutations with frequencies-of-occurrence
not lower than 0.1% [66]. This property of RM-seq may
have important clinical implications as similarly to mo-
lecular test, most phenotypic tests fail to detect hetero-
geneous resistance with resistance allele frequency below
1%, and lower frequency of resistance have been fre-
quently described [2, 13, 67]. RM-seq detection is not
conditional on the affinity of short DNA probes;
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therefore, all sensitive and resistant variant can be de-
tected and differentiated at the sequence level. Neverthe-
less, like all PCR-based sequence assays, RM-seq variant
detection and quantification assumes that the primers
bind equally efficiently in all alleles in the population
and consequently primers should be designed outside
potentially variable regions. Taken together, diagnostic
tools based on molecular barcoding and deep sequen-
cing have the potential to perform better than current
state of the art diagnostic tests by accurately detecting
pre-existing rare resistant sub-population as well as un-
common resistance mutations.

Conclusions
We expect that RM-seq will be a valuable tool for the
comprehensive characterisation of the mutational resist-
ance repertoire. A deeper understanding of resistance at
the DNA level will be the basis for improved genomic
surveillance of antibiotic-resistant pathogens, optimised
antibiotic treatment regimens, and can ultimately lead to
precision medicine approaches for treating microbial
infections.
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