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Antibiotic treatment for sepsis has an unintended yet crucial consequence: it
exerts a bystander effect on the microbiome, changing its bacterial compo-
sition and resistome. Antimicrobial stewardship aims, in part, to minimise this
effect to prevent development of subsequent drug-resistant infection, but
data evaluating and quantifying these changes are largely lacking, especially in

low-income settings which are disproportionately affected by antimicrobial
resistance. Such data are critical to creating evidence-based stewardship
protocols. Here, we address this data gap in Blantyre, Malawi. We use long-
itudinal sampling of human stool and metagenomic deep sequencing to
describe microbiome composition and resistome pre-, during- and post-
antimicrobial exposure. We develop Bayesian regression models to link these
changes to individual antimicrobial agents. We find that ceftriaxone, in parti-
cular, exerts strong off-target effects, both increasing abundance of Enter-
obacterales, and the prevalence of macrolide and aminoglycoside resistance
genes. Simulation from the fitted models allows exploration of different
stewardship strategies and can inform practice in Malawi and elsewhere.

Antimicrobial resistance (AMR) is a global public health threat, and
a key strategy to prevent it is antimicrobial stewardship. Steward-
ship aims to avoid unnecessary antimicrobials, to reduce the dura-
tion of antimicrobial use to the minimum necessary, and to select an
antimicrobial agent with as narrow a spectrum of antibacterial
activity as possible’. These principles aim in part to minimise anti-
microbial pressure for promotion of AMR in bacteria other than the
intended pathogenic target - the so-called bystander effect’. Even
though minimising the bystander effect is a key factor in the
selection of an antimicrobial agent for a given infection, data
quantifying the magnitude and duration of this effect for a given
antimicrobial at the individual level are lacking.

Addressing this is key to designing and implementing anti-
microbial strategies that can minimise the development of AMR. In
sepsis, for example, it is recognised that early antimicrobials confer a
survival advantage and global efforts to improve sepsis care prior-
itise early antimicrobials in suspected sepsis’. But this strategy may
result in widespread administration of broad-spectrum anti-
microbials, including to people who are ultimately found not to have
sepsis or an infectious cause of their illness. This is particularly the
case in low-resource settings where diagnostics to inform targeted
antimicrobial treatment are frequently unavailable. To truly assess
the impact of such a strategy requires not only descriptions of clinical
outcomes but tools to quantify the unintended effects of
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antimicrobials in promoting AMR, both in pathogens and in bystan-
der bacteria.

Shotgun metagenomic sequencing provides a method to achieve
this, enabling a quantitative assessment of bacterial taxa in a sample
(microbiota) and antimicrobial resistance genes (resistome), and
linking changes to antimicrobial exposures. Most work has focussed
on the development of the gut microbiome in the first days to years of
life, where antimicrobial exposure delays development of a mature
microbiome*, reduces diversity’ and promotes colonisation with
resistant organisms®’, with evidence that narrower-spectrum treat-
ment may reduce this effect®. In adults, data are largely restricted to
healthy volunteers™ or specific cohorts” (e.g. inflammatory bowel
disease) in high resource settings—where data suggest that a major
determinant of antimicrobial effect on the microbiome is the pre-
exposure composition™. Data from low-resource settings, like much of
sub-Saharan Africa, is very scanty, particularly in people with febrile
illness. This group may be expected to have both a significant broad-
spectrum antimicrobial exposure plus different pre-exposure micro-
biota composition to healthy controls, and so may well have different
antimicrobial-induced microbiota changes than healthy volunteers in
high-resource settings—but data describing this are largely absent.
Given that the highest burden of AMR falls in low-resource settings”
this is an important data gap to address.

This present work aims to address this by leveraging our prior
study which described the aetiology and clinical outcomes of a cohort
of adults admitted to hospital in Blantyre, Malawi with sepsis'. In that
study, we described the development of gut mucosal colonisation with
Extended-spectrum beta-lactamase producing Enterobacterales
(ESBL-E), as defined by longitudinal sampling and selective culture®.
We linked antimicrobial exposure to ESBL-E carriage with a Bayesian
modelling approach, demonstrating that antimicrobial exposure acted
to promote ESBL-E carriage. Here, we build on this: we describe the
dynamics of gut microbiota and resistome of the cohort under anti-
microbial pressure, expanding our models to quantify the bystander
effect of individual antimicrobial agents. We find that ceftriaxone, in
particular, exerts strong off-target effects, both increasing the abun-
dance of Enterobacterales and the prevalence of macrolide and ami-
noglycoside resistance genes

Results

Quantifying the bystander effect on microbiome: ceftriaxone
and ciprofloxacin exposure are associated with increased
Enterobacterales abundance

The original study recruited 425 adults between February 2017 and
October 2018 into three study arms: 225 participants with sepsis
admitted to Queen Elizabeth Central Hospital, Blantyre Malawi, and
exposed to antimicrobials, 100 age- and sex-matched antimicrobial-
unexposed hospital inpatients and 100 community members. Stool or
rectal swab samples were collected at recruitment (within 24 h of
hospitalisation for hospitalised participants), then at four subsequent
visits: 7, 28, 90 and 180 days later, except for community members
who did not have day 7 or 90 samples. For the current analysis we
carried out shotgun metagenomic sequencing on a subset of samples:
426 samples from 162 participants passed QC and were incorporated.
Table 1 shows the demographics of included participants. Most of the
cohort (109/162, 67%) received at least one antimicrobial, most com-
monly ceftriaxone (94/109 of antimicrobial-exposed, 86%), followed
by co-trimoxazole (56/109, 51%), ciprofloxacin (30/109, 28%) and
amoxicillin (25/162, 15%, Supplementary Table 1). Co-trimoxazole had a
prolonged course length compared to other antimicrobials (Supple-
mentary Table 1) because use was commonly as preventative ther-
apy (CPT) in the context of HIV (52/56 co-trimoxazole prescriptions,
93% were CPT); this also had a reduced dose compared to treatment
(480 mg once daily versus 960 mg twice daily). Antibiotic combination
therapy was unusual (Supplementary Fig. 1, with 1,418/9,559 [15%]

Table 1| Characteristics of included participants

Variable (n/N [%]) unless stated Value
Demographics
Age (years) median (IQR) 34 (27-42)

73/162 (45%)
52/162 (32%)

Female sex

Animals at home

Unprotected water source 7/162 (4%)
Study Arm
1: Hospitalised/antibiotic exposed 109/162 (67%)

29/162 (18%)
24/162 (15%)

2: Hospitalised/antibiotic unexposed

3: Community/antibiotic unexposed

HIV status

Reactive 80/162 (49%)
Non-reactive 62/162 (38%)
Unknown 20/162 (12%)

Of PLWHIV Current ART
Of PLWHIV Current CPT?

66/80 (82%)
52/78 (67%)

IQR interquartile range, PLWHIV people living with HIV, CPT cotrimoxazole preventive therapy.
“Missing data for 2 participants.

person-days of antibacterial exposure) but where it occurred, it was
most commonly co-trimoxazole with another antimicrobial (1,034/
1,418 [73%] person-days of antibacterial combination therapy).
Sequential antibacterial exposure was common: 27/109 (25%) partici-
pants received one antibacterial, 48/109 (44%) two, and 34/109 (32%)
three or more antibacterials.

We first examined microbiome composition stratified by study arm
and visit. There were shifts in alpha diversity (Shannon diversity), most
marked at visit 1 (day 7) in the hospitalised/antimicrobial-exposed
group (Fig. 1A), corresponding to the time of maximal antimicrobial
exposure. We explored this effect with linear modelling of Shannon
diversity. A within-participant correlation structure accounted for
repeated sampling, and we included the top four antimicrobials—cef-
triaxone, ciprofloxacin, cotrimoxazole and amoxicillin and hospitalisa-
tion as covariates (hence accounting for different durations of antibiotic
exposure or hospitalisation), with an exponential decay of effect fol-
lowing cessation. Stool (versus rectal swab) was included as a covariate
to account for any differences introduced by different sampling
methods. This identified that ceftriaxone exposure (Fig. 1B, D) was most
strongly associated with a decrease in diversity; cotrimoxazole had the
least effect. Hospitalisation itself was also associated with a reduction in
diversity (Fig. 1B, D). Sampling stool (versus rectal swab) did not have an
association with diversity (Fig. 1C). Shannon diversity returned to
baseline by ~50 days in simulations following perturbation (Fig. 1D).

We assessed beta diversity with all-against-all Bray-Curtis dissim-
ilarity and principal components analysis; there was overlap of all three
arms of the study in PCA space, but 61 hospitalised/antimicrobial
exposed samples fell outside the 95% percentile of the distribution of the
antimicrobial unexposed samples, consistent with different microbiome
composition (Fig. 1E). Hospitalised/antimicrobial exposed participants
had persistent differences in within-participant Bray-Curtis dissimilarity
between baseline and subsequent samples (Fig. 1E), compared to con-
trols. Hence, though Shannon diversity returned to baseline, there is
evidence for changes in microbiome composition due to antimicrobial
exposure, which persist out to 6 months following exposure.

At all time points and across all arms the most abundant Phylum
was Bacteroidetes (Fig. 2A); Proteobacteria (largely Enterobacterales)
were more abundant at visit 1 (day 7) in the hospitalised/antimicrobial
exposed group (Fig. 2A-C), the time point which corresponds to
maximal antimicrobial exposure. To quantify this, we fit negative-
binomial Bayesian mixed effects models to the absolute number of
reads assigned to a given taxon with a per-participant random effect
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Fig. 1| Changes in alpha and beta diversity over time. A Shannon Diversity
stratified by study arm and visit. B, C parameters from modelling Shannon Diver-
sity as a function of antimicrobial exposure. beta_s = effect of stool (vs rectal swab),
alpha = magnitude of within-participant correlation, length scale = decay para-
meter of within participant correlation (on standardised time scale, 1 unit =

55 days), beta_0 = model population intercept, tau = decay constant of effect of
antimicrobial exposure (on standardised time scale, 1 unit = 55 days). Antimicrobial
and hospitalisation parameters can be interpreted as the change in mean Shannon
Diversity given exposure; error bars are 95% credible intervals of parameter value
(D) simulated mean Shannon Diversity in stool for hospitalisation (10 days) and
antimicrobial exposure (7 days) with different antimicrobials; shaded areas are 95%
credible intervals from predictions (E) Principal coordinate plot of all-against-all

Bray Curtis dissimilarity (beta diversity) with 95% confidence intervals assuming
student T distribution stratified by study arm showing between-arm differences in
beta diversity. F Within-participant Bray-Curtis dissimilarity to baseline sample,
stratified by arm, showing that participants admitted to hospital and exposed to
antimicrobials have persistent changes in beta diversity over six months, com-
pared to community and hospital controls. P values are from a Kruskall-Wallace
test between all groups at a given visit (the degrees of freedom/test statistic for
visits 1, 2, 3, 4, respectively, are 1/3.89, 2/11.18, 1/4.06, 2/8.44). In all panels, boxplots
show median as line and first and third quantiles as boxes, with whiskers that
extend form box edge to the largest value no further than 1.5 times interquartile
range from box edge. The number of participants included in the analysis is given
in Supplementary Table 3.

with a multivariate-normal correlation structure to account for repe-
ated measurements, a per-sample read depth offset to account for
varying sampling depth and covariates (antimicrobial exposure, hos-
pitalisation, and stool versus swab) as above. A separate model was fit
for each of the top three phyla, the top 10 orders of phylum Proteo-
bacteria, and the top 10 genera of order Enterobacterales.

The results of these models are shown in Fig. 2 and Supplemen-
tary Fig. 2. Ceftriaxone and ciprofloxacin are associated (95% Credible
Interval [CrI] effect > 1 on log scale) with increase in Proteobacteria
abundance, driven by increase in Order Enterobacterales and, within
that order, the genera Escherichia and Shigella (though credible
intervals on genus-level parameter estimates are wide and 95% Crl
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Fig. 2 | Changes in microbiome composition under antimicrobial pressure.
Relative abundance of top 3 Phyla (A), top 3 Proteobacteria orders (B) and top 3
Enterobacterales genera (C), stratified by study arm and visit, showing higher
abundance of Proteobacteria, Enterobacterales and Escherichia at visit 1 in the
antibiotic exposed, corresponding to maximal antimicrobial exposure. In all panels,
boxplots show median as line and first and third quantiles as boxes, with whiskers
that extend form box edge to the largest value no further than 1.5 times inter-
quartile range from box edge. D parameter values for effect of antimicrobial

exposure or hospitalisation on microbiome composition, on log scale with

95% credible intervals; parameter values >1 correspond to an increase <1 to a
decrease. E, F simulated antimicrobial exposures (7 days) showing proportion of
Proteobacteria reads (right panel), proportion of Proteobacteria reads that are
Enterobacterales (middle panel), proportion of Enterobacterales reads that are
Escherichia (left panel) with shaded area showing 95% credible intervals in stool.
The number of participants included in the analysis is given in Supplementary
Table 3.

cross 1). Across all models, the posterior median half-life of the
exponential decay of exposure effect was 11 (range 4-156) days (Sup-
plementary Fig. 2). Simulation of the fitted models (Fig. 2E, F) allows
comparison of the effect of different antimicrobial strategies on

microbiome composition; generally, antimicrobial-associated effects
return to baseline by 30 days following exposure. Rectal swabs (versus
stool) had a higher abundance of Proteobacteria, driven by the genera
Enterobacterales, Campylobacterales, and Pseudomonadales, and
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within Enterobacterales, a higher abundance of Escherichia/Shigella,
Klebsiella, and Salmonella.

Ceftriaxone exerts a bystander effect on the resistome, increas-
ing prevalence of aminoglycoside and macrolide resistance

We used metagenome assembly followed by AMRFinderPlus to define
each individual’s resistome over time. Across the 426 samples, we

identified 369 unique AMR genes of 25 classes and 60 subclasses
(Fig. 3A, Supplementary Fig. 3); trimethoprim, tetracycline, beta-lac-
tam, sulphonamide, and lincosamide/macrolide/streptogramin resis-
tance genes were present in almost all samples, as were
aminoglycoside resistance genes despite low levels of intestinal
excretion of these drugs in humans. The plasmid-mediated colistin
resistance gene mcr was detected twice (mcr10 and mcri10.1): in two
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Fig. 3 | Changes in AMRFinderPlus defined resistome following antimicrobial
exposure. A Prevalence of AMRFinderPlus-defined resistance gene subclass with
exact binomial 95% confidence intervals. B Selected AMRFinderPlus-defined gene
subclass prevalence stratified by visit and arm with exact binomial 95% confidence
intervals. Colours represent different study arms. Cephalosporin and quinolone
resistance gene prevalence shows little relationship with visit/arm, but macrolide and
aminoglycoside resistance subclasses have a higher prevalence at visit 1 in the hos-
pitalised/antimicrobial exposed group, consistent with an association with anti-
microbial exposure. C Parameter values from modelling antimicrobial resistance gene
subclass presence as a function of antimicrobial exposure. Parameter values (and 95%
Crl) can be interpreted as logged odds ratio. Parameter values with a clear association

between exposure and outcome (defined at lower bound of 95% Crl > 0) are coloured
red. D, E simulated AMR gene subclass prevalence in stool for selected subclasses,
following a 10-day hospital admission and 7-day exposure to a given antimicrobial
agent. Lines show median posterior prediction, shaded area 95% credible interval.
Colours show different antimicrobial exposures. Ceftriaxone is associated with an
increase in aminoglycoside and clindamycin-erythromycin-streptogramin B subclass
genes not seen with the other agents. F Associations of exposures to presence of AMR
gene subclass restricted to beta-lactamases with models fit separately to Bacteroides-
associated genes (defined as cfiA, cblA, crxA, cepA or c¢fxA beta-lactamases) or all others
(defined as all other genes), expressed as parameter values and 95% credible intervals.
The number of participants included in the analysis is given in Supplementary Table.

different participants, neither of whom had hospital admission within
the previous 3 months, despite colistin being prohibited in Malawi, as
seen in a recent large E. coli genome collection from Blantyre'®. Many
of the cephalosporin and carbapenem resistance genes were Bacter-
oides -specific and less clinically relevant in terms of causing drug-
resistant infection in our setting (Supplementary Fig. 4); excluding
these (which we defined as defined as cfiA, cblA, crxA, cepA or cfxA beta-
lactamases), cephalosporin and carbapenem resistance genes were
identified in 74% (102/138) and 7% (10/138) of samples from hospita-
lised participants respectively (Supplementary Table 2), most com-
monly blactx-m1s and blaoxa-sis- (Supplementary Fig. 4).

Five AMRFinderPlus defined gene subclasses were more prevalent
in hospitalised/antimicrobial exposed group at visit 1 (day 7) than
other study arms or visits, corresponding to time of maximal anti-
microbial exposure (Supplementary Fig. 5): they conferred aminogly-
coside, macrolide and cephalosporin resistance, consistent with these
subclasses being associated with antimicrobial exposure. To quantify
this effect and relate it to individual antimicrobial agents we fit models
identical to the taxonomy models but including the presence/absence
of AMRFinderPlus gene subclass in a mixed-effect logistic regression
model (Fig. 3, Supplementary Figs. 6, 7). These confirmed that cef-
triaxone exposure was associated (95% Crl of odds ratio >1) with
increased prevalence of genes conferring resistance to aminoglyco-
sides (primarily aac(6)-I, aac3)-Il and aph(3)-ll alleles), macrolides
(mphA, msrC, ermB) and rifamycins (arr). The effect of ciprofloxacin
was similar: it was associated with the presence of aminoglycoside
(aac(6)-) and macrolide (mphA, ermC) genes. Amoxicillin and co-
trimoxazole were associated with fewer resistance subclasses than
ceftriaxone (amoxicillin with mphA macrolide aac(6)-I aminoglyco-
side resistance genes and co-trimoxazole with msrD and mefA mac-
rolide resistance and gnr plasmid-mediated quinolone resistance).
Stool (versus rectal swab) did not have a strong effect on the presence
of resistance gene subclass: spectinomycin resistance genes were
more likely to be identified in rectal swab samples, and trimethoprim
resistance genes more likely to be identified in stool samples, but in
both cases, confidence intervals were wide (Supplementary Fig. 6).

The 95% Crl of effect estimates for the association of all antibiotics
with cephalosporin resistance genes crossed the null (Fig. 3C), but
cephalosporin resistance genes were very commonly detected across
all samples. Bacteroides-specific genes were included in this analysis
(Fig. 3B) which were present in almost all samples - this could obscure
an effect on other beta lactamases in the modelling analysis. Hence, we
stratified all beta lactamases as Bacteroides-associated (defined as cfiA,
cblA, crxA, cepA or cfxA beta-lactamases) or not (all other beta-lacta-
mases) and refit the models (Fig. 3F). This showed that, consistent with
our previous culture-based analysis, there was an association of cef-
triaxone exposure with presence of non-Bacteroides cephalosporin
resistance genes (largely blacrxmas); hospitalisation and co-
trimoxazole exposure also showed an association with cephalosporin
resistance, as did amoxicillin and ciprofloxacin, though in the case of
the latter two antimicrobials the 95% Crl crossed the null. Co-
trimoxazole was also associated with the presence of narrow spec-
trum beta lactamases (most commonly blargy and blaoxa).

Overall, and across all models, the half-life of the effect of anti-
microbial exposure was more prolonged in resistome that taxonomy
models, with a posterior median (range) 76 (8-245) days; simulations
from the posterior quantify the effect of ceftriaxone in particular in
driving aminoglycoside and macrolide resistance genes (Fig. 3D, E),
and again show that antibiotic-induced perturbations in resistome
return to baseline by around 30 days.

Because AMRFinderPlus is likely biased towards pathogenic/cul-
turable bacteria, we repeated the above analysis using ResFinderFG,
which contains antibiotic resistance genes identified from functional
metagenomic studies”. In contrast to the AMRFinderPlus analysis
there was no clear relationship between prevalence of resistance genes
expected to confer resistance a given antimicrobial agent and study
arm or visit; prevalence of aminoglycoside resistance genes was higher
in the hospitalised/antimicrobial exposed, but confidence intervals
were wide and overlapping (Supplementary Fig. 8). In the modelling
analysis, only presence of genes expected to confer resistance to
gentamicin were associated with ceftriaxone exposure, in contrast to
AMRFinderPlus-identified genes (Supplementary Fig. 9).

Resistance is associated with clinically relevant Enterobacter-
ales, including E. coli
In the AMRFinderPlus analysis, presence of genes of the macrolide and
aminoglycoside resistance subclasses (as well as chloramphenicol and
the fluoroquinolone subclasses) correlated with Proteobacteria abun-
dance (Supplementary Fig. 10), particularly Enterobacterales, and
Escherichia within this order. To explicitly link AMR gene presence to
clinically relevant Enterobacterales, we focussed on E. coli. We binned
all assembled contigs, identified bins comprising E. coli (defined as
Average Nucleotide Identity to an E. coli reference > 95%) and identi-
fied AMR genes that could be attributed to E. coli using AMRFinder
using the E. coli specific models which allowed identification of point
mutations conferring resistance (e.g. in quinolone-resistance deter-
mining region, QRDR) as well as AMR gene presence. We compared the
diversity of the genomes identified using this approach to our previous
analysis of E. coli genomes we identified in the same samples using
ESBL-selective media by clustering the genomes using popPUNK
v2.7.2. As expected, the genomes from the metagenomic approach
were more diverse (33 unique popPUNK clusters in culture-derived
genomes versus 95 in the metagenome-derived genomes, Fig. 4A). We
identified 93 unique AMR associated genes/mutations in 260 E. coli
bins: predicted fluoroquinolone resistance was common (128/260
[49%] samples, commonly gyrA and parC mutations), as was tri-
methoprim (75/260 [29%], all dfr alleles) and cephalosporin resistance
(68/260 [26%], most commonly blacrx-m-1s Supplementary Fig. 11).
Fitting this E. coli specific AMRFinder subclass presence/absence
data using the models described above (Fig. 4, Supplementary
Figs. 12, 13) revealed that the association of ceftriaxone exposure
with aminoglycoside and macrolide resistance was at least partly
mediated via resistance in E. coli: presence of aminoglycoside
(aac@3)-lld and aac(6)-1b) and macrolide (mphA) genes in E. coli
was associated (95% Crl or odds ratio > 1) with ceftriaxone exposure
(Fig. 4, Supplementary Fig. 13). Ceftriaxone exposure was associated
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Fig. 4 | Quantifying resistance in E. coli. A Comparing the diversity of the
metagenome-assembled E. coli genomes to genomes from ESBL-selective culture
using popPUNK; number of samples (y-axis) for a given popPUNK cluster (x-axis)
show that the metagenome-assembled genomes are more diverse. B Prevalence of
AMRFinder gene subclass in samples with a high-quality E. coli metagenome-
assembled genome (n =259) with exact binomial 95% confidence intervals.

C Parameter values and 95% credible intervals from fitted models quantifying the
effect of exposures (panels) on the presence of AMR gene subcategory in E. coli
metagenome-assembled genomes. Coefficients are on the log scale and can be
interpreted as exposure resulting in a log odds ratio for the presence of a given
gene. A value of O (dotted line) is no change. The number of participants included in
the analysis is given in Supplementary Table 3.

with AMR determinants of multiple other subclasses including
cephalosporin (largely blactx.m1s and blacuy-» genes), but also of
the quinolone (largely QRDR point mutations) and sulphonamide
(largely sul alleles) subclasses, and point mutations associated
with fosfomycin, colistin and aztreonam resistance (Fig. 4, Supple-
mentary Fig. 13). Quinolone exposure was associated with presence
of trimethoprim resistance determinants in E. coli; amoxicillin
exposure with quinolone and fosfomycin resistance mutations in
E. coli, whereas co-trimoxazole exposure was not associated with
clinically relevant antimicrobial resistance determinants in E. coli.
Hospitalisation, independent of exposure to antimicrobials of these
four classes, was associated with the presence of resistance deter-
minants of the cephalosporin and aztreonam subclass in these E. coli
genomes. Stool (versus rectal swab) did not show an association with
the presence of resistance genes in this E. coli focussed analysis.

Discussion

We present here a description of the bystander effect of antimicrobial
treatment for sepsis in Blantyre, Malawi on microbiome and resistome
composition, using two approaches to identifying resistance genes:
AMRFinderPlus and ResFinderFG, to focus on culturable/pathogenic

and unculturable/commensal bacteria, respectively. Using a Bayesian
modelling approach, we quantify this effect, finding that different
antimicrobials act to promote different bacterial taxa and resistance
genes. Ceftriaxone, the first-line treatment for sepsis in Malawi, has a
broad effect on microbiota and resistome composition. In this setting
with a high prevalence of detectable baseline cephalosporin resistance
genes, it is associated with an increase in abundance of Enter-
obacterales, including Escherichia, a key pathogenic genus. It is also
associated with an increased prevalence of cephalosporin, macrolide
and gentamicin resistance genes in E. coli, and non-Bacteroides
cephalosporin, macrolide, gentamicin and rifamycin resistance gene
prevalence generally in the resistome as identified by AMRFinderPlus.
Ciprofloxacin—another agent with high prevalence of baseline
detectable resistance genes—is similarly associated with an increase in
Enterobacterales, with an increase in macrolide and aminoglycoside
resistance gene prevalence in the resistome as identified by AMRFin-
derPlus. We did not identify a clear association of ciprofloxacin
exposure with cephalosporin or quinolone resistance, but the relative
rarity of ciprofloxacin exposure meant that confidence intervals were
wide. Amoxicillin and co-trimoxazole had a less pronounced effect on
microbiome and resistome composition as defined by AMRFinderPlus,
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though again credible intervals were wide for these agents. Impor-
tantly, non-Bacteroides cephalosporin and beta-lactam resistance
genes as defined by AMRFinderPlus were associated with co-
trimoxazole exposure, an important finding when co-trimoxazole is
used on a huge scale in community settings across the country in the
context of co-trimoxazole preventative therapy in HIV. These gross
antibiotic-specific perturbations in microbiome and resistome return
to baseline over a timescale of around a month, though there is evi-
dence of persistent changes in composition (beta diversity compared
to baseline) out to six months. We found that resistance genes as
identified by ResFinderFG showed considerably less association with
amicrobial exposure than those identified by AMRFinderPlus; this
could be consistent with a relative stability of the non-culturable
resistome as compared to the culturable/pathogenic resistome.
Overall, we can draw several conclusions from our findings.

First, and most importantly, quantification of the bystander effect
on resistome provides evidence to inform antimicrobial stewardship
protocols in Malawi and elsewhere. One of the aims of stewardship is
to minimise antimicrobial exposure (both in terms of duration and
spectrum), but without a quantitative measure of the off-target effect
of individual antimicrobial agents, such strategies cannot be fully
evidence based. Ceftriaxone, the first-line treatment for sepsis in
Malawi, demonstrates a profound effect on microbiota and resistome
composition but these deleterious effects must be balanced against its
activity on the locally prevalent pathogens. Prior analysis of this cohort
has demonstrated that 83% of participants with sepsis receive cef-
triaxone but this agent would be expected to be an effective therapy in
only 24%'. There is clearly scope for expanded stewardship (both to
reduce ceftriaxone exposure in those who do not require it, but also to
expand access to alternate, effective, antimicrobials such as carbape-
nems, where required) but any strategy comes with resource impli-
cations (a significant consideration in this resource-limited setting)
and possible effects on the microbiota. By quantifying the effect of
antimicrobial exposure, our modelling analysis paves the way for in
silico simulation from the posterior of our fitted models to quantita-
tively compare the microbiota effect of competing stewardship stra-
tegies. For example, a high proportion of the 83% of people with sepsis
in our prior study who received ceftriaxone have disseminated TB";
what would the impact on colonisation with resistant organisms be of a
rapid de-escalation of ceftriaxone when the TB diagnosis is made?
Without data describing the effect of antimicrobial exposure on the
microbiome, it is not possible to answer this question, but the data and
the modelling framework we present can answer this question with a
simulation approach, to inform local antibiotic policies and future
interventional studies.

Second, our findings highlight important similarities but also
differences between our cohort and high-resource settings. A reduc-
tion in microbiome diversity in high-resource settings following anti-
microbial exposure is well described, both in healthy volunteers™>",
and hospitalised inpatients’®”' and most studies report an approx-
imate return to baseline alpha diversity over months’*, though dif-
ferences in species or resistome composition or pre-to-post treatment
beta diversity may persist for six months or more, as we demonstrate.
In our analysis, we link antimicrobial exposure to the presence of
Proteobacteria, particularly Enterobacterales. Elsewhere, blooms of
pathobionts including E. coli and Klebsiella spp. have been described in
healthy volunteers following meropenem/vancomycin/gentamicin
administration in the US', but in Oxford, UK* ceftriaxone and cipro-
floxacin exposure were associated with reduced Enterobacterales
abundance in hospital inpatients. A potential explanation could be a
difference in resistance mechanisms present in commensal E. coli cir-
culating in the community between UK and Malawian settings: we have
previously demonstrated very high prevalence of human carriage and
environmental contamination with ESBL producing E. coli and Kleb-
siella pneumoniae in our setting in Malawi'®*.

Directly comparative data linking antimicrobial agent to resis-
tance gene presence from elsewhere are scanty. Previous studies in
high-resource settings have linked some individual agents (e.g. mer-
openem, vancomycin, gentamicin, levofloxacin, azithromycin, cefpo-
doxime) to changes in diversity of composition and resistome, often in
healthy volunteers and mostly using aggregate measures of resistome
diversity®'$2°% Heterogeneity in analysis makes it difficult to compare
between studies or extrapolate from the findings to the impact on a
given antimicrobial stewardship strategy in different geographical
settings. Nevertheless, where sought, a bystander effect on resistome
is generally demonstrated: Cefpodoxime (a third generation cepha-
losporin) was found to be associated with an increase in the
Bacteroides-associated beta-lactamase gene c¢fxA and tetracycline
resistance genes tetO and tet40 in 20 healthy volunteers in the United
States™. A patient cohort in Oxford, UK* found an increase in abun-
dance of aminoglycoside and tetracycline resistance genes following
beta lactam exposure (as we demonstrate). In Germany ciprofloxacin
was associated with an increase in macrolide and cephalosporin
resistance gene abundance but a decrease in aminoglycoside resis-
tance gene abundances (the opposite of our findings), compared to co-
trimoxazole'®. This highlights the complexity of the antimicrobial
effect on microbiome which is likely modified by diet, pretreatment
bacterial structure, and host living environment including water sani-
tation and hygiene'>*. In our cohort, hospitalisation was associated
with changes in microbiome and resistome, which could be due to
ward crowding and sanitation (one shared toilet per ward, limited
handwashing facilities and availability of detergent and unhygienic
facilities for patient attendants®) - though confounding is also possi-
ble if hospitalisation was associated with receipt of medications which
could modulate the microbiota.

Third, our findings highlight a key role for E. coli as a carrier of
AMRFinderPlus-defined AMR genes in our setting; antimicrobial
exposure (particularly ceftriaxone and ciprofloxacin) is associated
with an increase abundance of Enterobacterales, (largely due to
Escherichia abundance) and drug resistance in E. coli. In high income
settings, E. coli has repeatedly been identified as a significant con-
tributor to AMR gene carriage in the microbiome of infants and young
adults®?. Presence of drug-resistant E. coli in stool increases risk of
subsequent infection?® and microbiome-modulating strategies such as
faecal microbiota transplant have been demonstrated in case reports
to promote colonisation resistance to resistant Enterobacterales”.
Given our findings, strategies to reduce colonisation with drug-
resistant Enterobacterales could have a significant role to play in
moderating the resistome in people treated with antibiotics in Malawi,
with a subsequent effect on invasive infection. This would certainly
include improved water, sanitation and hygiene in the community and
infection prevention and control strategies in hospital, but also
potentially trials of probiotic/prebiotic and antimicrobial stewardship
with bystander AMR as an outcome.

The strengths of our study are our longitudinal sampling, and
modelling approach, which together allow us to account for between-
person microbiome variation, and describe the microbiome effect of
antimicrobials in an under-studied low-resource setting. Our Bayesian
modelling strategy allows us to fit complex models in a computa-
tionally straightforward manner (allowing the timescale of decay of
antimicrobial effect to vary, for example) and to move beyond null
hypothesis significance testing and simulate from the posterior of our
models to explore the effect of different antimicrobial strategies. The
flexible modelling approach can be easily modified to reflect different
sampling strategies.

The major limitations of the study are that, despite the modelling,
residual confounding is very likely to remain which warrants caution in
causal interpretations: for example, co-trimoxazole is largely used as a
preventative therapy which is associated with HIV. Given the colli-
nearity of HIV and CPT, it is not possible to include both variables in the
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models. We included both stool and rectal swabs in our analysis
because of the nature of our patient population (who could not always
provide stool); we have accounted for this by including sample type as
a covariate in our modelling, but if sample type was associated with
other participant characteristics, this could have introduced con-
founding. Our sample selection and subsequent lack of age-sex
matching may have resulted in confounding or other bias. Some
exposures - ciprofloxacin and particularly amoxicillin, were rare
compared to ceftriaxone, resulting in wide confidence intervals of
parameter estimates, so absence of evidence of an effect may not
represent evidence of absence. These effects are important to quantify
in the future given the importance of these agents in the community. It
is also possible—in this setting where antimicrobials can be easily
available without a prescription”—that participants received anti-
microbials, which could affect microbiome/resistome composition—
especially in the hospitalised/antimicrobial-exposed group who had an
otherwise-unexplained high Proteobacteria prevalence.

We present simulations from the posterior but have not carried out
any formal out-of-sample validation; hence, the models are likely overfit
to data and should not be interpreted as predictions but rather as aids to
understanding the effects of different covariates in the models. True
predictive modelling would require a larger data set. Though we present
an analysis linking antimicrobial exposure to microbiome changes, the
link between these changes and clinically important outcomes - trans-
mission, and development of invasive infection—are not well under-
stood and should be a priority for future research. In keeping with other
short-read shotgun-metagenomic studies, assembling mobile genetic
elements and linking them to the bacterial genomes with which they
were associated is not possible; it is likely, therefore, that our E. coli
binning approach may underestimate . coli-associated AMR if MGEs are
not correctly assigned to a bin. Our identification of AMR genes in
general is dependent on their presence in the databases we used. We did
not perform any culture-based identification of bacteria, beyond our
previously published selective ESBL-E culture analysis®.

In conclusion, we use metagenomic sequencing and Bayesian
modelling to quantify the bystander effect of antimicrobials on
microbiome composition and resistome in Malawi. We demonstrate
strong promotion of Proteobacteria, particularly Enterobacterales,
associated with ceftriaxone and ciprofloxacin exposure, and off-target
increase in prevalence of aminoglycoside and macrolide resistance
genes. These changes are mediated at least in part by the presence of
resistance genes in E. coli. Amoxicillin and, particularly, co-trimox-
azole, are associated with less microbiome and resistome perturba-
tion, though co-trimoxazole shows an association with cephalosporin
resistance, which, given the widespread national use of cotrimoxazole
preventative therapy, may be a significant driver of ESBL gene colo-
nisation. These findings can begin to inform antimicrobial stewardship
protocols in Malawi.

Methods

Inclusion and ethics statement

The study was approved by the research ethics committees of the
Liverpool School of Tropical Medicine (16-062) and Malawi College of
Medicine (P.11/16/2063). The study has included local researchers
throughout the research process and took place in the context of the
Malawi Liverpool Wellcome clinical research project, which has
ongoing capacity-building programmes. The research does not result
in stigmatisation, incrimination, discrimination or otherwise personal
risk to participants and does not involve health, safety, security or
other risk to researchers. Written informed consent was obtained from
all participants.

Study design and setting
The design of the observational clinical cohort study on which this ana-
lysis is based is described in detail elsewhere®. The study was approved

by the research ethics committees of the Liverpool School of Tropical
Medicine (16-062) and Malawi College of Medicine (P.11/16/2063).

Samples were collected between February 19th, 2017, and 1st
May 2019. In arm one, adults at least 16 years old with sepsis - defined
as fever (or history of fever within 72h) and evidence of organ
dysfunction (oxygen saturation <90%, systolic blood pressure
<90 mmHg, respiratory rate >30 breaths/minute or Glasgow Coma
Score <15) were enroled. Two comparator cohorts were also enroled:
arm 2 was composed of age- and sex-matched adults being admitted
to hospital via the Emergency Department but with no current plan
for antibiotic therapy from the attending clinical team, and arm 3 was
a group of age-, sex- and location-matched community controls.
Participants were excluded from the comparator groups if they
had received antibiotics within the past four weeks. Hospitalised
participants were followed up daily by a member of the study team to
record exposure to antibiotics. Treatment decisions were taken by
clinicians who were independent from the study team. On discharge,
patients were followed up at approximately days 7, 28, 90 and 180,
corresponding to visits 1, 2, 3 and 4. Day 7 and 90 (1 and 3) visits were
omitted for the community group. At baseline (visit O, within 24 h of
hospital admission for hospitalised participants) and at each study
visit, a stool sample or rectal swab was collected. Missing samples
were unusual (13% of visits) and distributed across all study visits;
because of participant deaths more samples were collected in the
earlier visits, Supplementary Fig. 14); full flow of participants through
the study is described in the original study publication”. Following
incubation in enrichment broth, culture and identification (using
analytical profile index) for the presence of ESBL-E organisms was
carried out, and primary samples were stored.

Isolate sequencing

Isolates selected for whole genome sequencing and their extraction
have been described previously?®?’, and these data are available at in
the European Nucleotide Archive under project IDs PRJEB26677,
PRJEB28522, PRJEB36486 and PRJNA869071 with linked metadata
available as the R blantyreESBL package®. Briefly, DNA was extracted
from overnight nutrient broth cultures using the Qiagen DNA Mini Kit
(Qiagen, Germany) according to the manufacturer’s instructions.
Sequencing was performed at the Wellcome Sanger Institute using the
lllumina HiSeq X10 system (lllumina Inc., USA), producing 150 bp
paired-end reads.

Metagenomic sequencing

Samples for metagenomic sequencing were stored at 4 degrees Celsius
immediately following collection then at 20 degrees Celsius within
24 h, and DNA extracted within 2 weeks. A subset of 450 stored
extracted DNA samples from 163 participants were selected for
metagenomic sequencing. These were selected on pragmatic grounds
to maximise longitudinal representation. Samples were not sequenced
from individuals who had only completed one study visit. Due to the
process of selecting samples for sequencing, age and sex matching of
the comparator cohorts was not maintained. Genomic material was
extracted using the Qiagen DNA stool mini kit (Hilden, Germany), with
the addition of a bead-beating step. A sterile saline negative control
sample for each extraction run was included (25 in total), which were
also prepared and sequenced as below. Library preparation was per-
formed with the NEBNExt Ultra Il FS kit (New England Biolabs, Ipswich,
Massachusetts, Unites States) on the Mosquito Ultra II platform (Qia-
gen), using a 1/10 reduced volume protocol. Metagenomic sequencing
was performed at the University of Liverpool Centre for Genomic
Research (Liverpool, U.K.), using the Illumina NovaSeq platform with
an $4 flow cell (San Diego, California, United States). Sequencing was
multiplexed and aimed at a depth of 100 million reads per sample.
Reads were deposited in the European Nucleotide Archive, under
project accession PRJEB8688I.
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Bioinformatic analysis

Quality control of reads. Modules from the MetaWRAP (v1.3.2)
pipeline® were used to standardise metagenome analysis. All paired-
end reads underwent quality control using the MetaWRAP “read_qc”
module to remove low-quality, adapter, and human sequence reads.
The T2T consortium complete human genome (GCF_009914755.1) and
human mitochondrial genome (NC_012920.1) were used as references
for the removal of human reads. Samples with sequencing failure (fewer
than 0.5million reads were excluded from further analysis). Excluding
these, the samples had a median (IQR) of 133 (107-150) million reads for
stool samples and 82 (58-128) million reads for rectal swab samples,
with median (IQR) proportion of human reads 0.1% (01-0.6%) for stool
samples and 4.8% (0.4-20.2%) for rectal swab samples.

Read-based taxonomy. Reads were assigned taxonomy with
Kraken2* (v2.1.2) using a custom database comprising all RefSeq
complete genomes and proteins for archaea, bacteria, fungi, viruses,
plants, and protozoa downloaded on 14 March 2023. This database
also included complete RefSeq plasmid nucleotide and protein
sequences, as well as a version of the NCBI UniVec database minimised
for false positives. A confidence threshold of 0.1 was applied for read
assignments, and reports were generated for downstream analysis.

Assembly of metagenomes and E. coli bins. Metagenomic reads
were assembled using metaSPAdes™ (v3.1.3) under default settings. To
generate the best bins possible, three binning strategies (MetaBAT2,
CONCOCT and MaxBin2) were employed across all samples via
MetaWRAP. The reference genome for the E. coli type strain (ATCC
11775, Accession: GCF_003697165.2) was then used as a reference for
FastANP** (v1.3.3) to identify any bins that were E. coli to the species
level (>95% ANI). CheckM2* (v1.0.2) was then used to select bins that
meet MIMAG standards (>50% completion, <10% contamination). For
each sample, the most complete bin was then selected for downstream
analysis, yielding 261 bins, representing the same number of samples.

Calling antimicrobial resistance from metagenomes and quantify-
ing the bystander effect. To understand the general contribution of
the microbiome to antimicrobial resistance, metagenomes were ana-
lysed to find acquired antimicrobial resistance genes using
AMRFinderPlus® (v3.11.20) under default settings (coverage 50%,
identity 90%). Once E. coli was determined to be a primary organism of
interest, a second analysis was conducted using an E. coli-specific
model within AMRFinderPlus, allowing detection of point mutations
associated with resistance. This refined analysis was applied to the
E. coli metagenome-derived genome bins, and E. coli isolates. This
approach aimed to compare the diversity of AMR genes between
cultured and uncultured samples and to quantify the extent to
which specific AMR determinants could be attributed to the E. coli
metagenomic bins. Isolate reads were assembled using
SPAdesSPAY (v3.1.3).

To identify genes that may be associated with unculturable bac-
teria, we performed the same analysis using the ResFinderFG v2.0
database, which collates antimicrobial resistance genes from func-
tional metagenomic studies”. We generated a binary presence/
absence matrix of ResFinderFG v2.0 antibiotic resistance genes across
samples; to align the methods with the AMRFinderPlus analysis, hits
were retained if BLAST alignments had =90% identity and >50% cov-
erage of the reference gene. Gene names and antibiotic classes were
extracted directly from FASTA headers.

Cultured vs uncultured diversity using PopPUNK. In order to char-
acterise diversity in a comparable way, PopPUNK®® (v2.7.2) was used to
assign clusters to E. coli bins and isolates, querying the “reference only”
Escherichia coli v2 database. The resulting PopPUNK clusters were

visualised in Microreact” and summarised as frequency tables to

identify the dominant clusters observed when comparing metage-
nomic versus culture-based approaches.

Statistical analysis and reproducibility

Study design and sample size are detailed above. No data were
excluded from the analyses. The study was not randomised and there
was no blinding.

All analysis was carried out in R* v4.4.2 and all plots were
generated with ggplot* v3.5.1. Unless otherwise stated, summary
statistics are presented as medians with interquartile ranges or
proportions with exact binomial confidence intervals. Shannon
Diversity and Bray-Curtis Dissimilarity were used to quantify
alpha and beta diversity, and principal components analysis on
alpha diversity were carried out using the PhyloSeq* v1.5.0R
package. Kruskall-Wallis test to compare Bray-Curtis dissimilarity
to baseline across the three study arms was carried out with
ggstatsplot v0.13.0. Linear models as implemented in /m function
in R were used to compare Shannon diversity between stool and
rectal swab samples and PERMANOVA as implemented in the
adonis2 function in the R package vegan v2.6.8 used to compare
Bray-Curtis dissimilarity between stool and rectal swab samples.

Comparing stool and rectal swab samples

Comparing rectal swab and stool samples in terms of Shannon
diversity, Bray-Curtis dissimilarity and taxonomy (Supplementary
Fig. 15) showed that, though they were similar (stool vs rectal
swab effect on Shannon diversity -0.15 (95% ClI -0.36-0.07,
p=0.17, R®*=0.002 from linear model) there were some differ-
ences in beta-diversity (PERMANOVA p=0.001, R’=0.02); we
accounted for this by including stool versus rectal swab as a
covariate in the modelling analysis.

Linear regression: Shannon diversity. To quantify the effect of anti-
microbial exposure on Shannon diversity, taxa abundance and pre-
sence of AMR genes, and account for any differences from including
stool and rectal swab samples together, we constructed Bayesian
regression models using the Stan probabilistic programming lan-
guage, accessed via cmdstanR v0.8.1 using cmdstan v2.35. All the
models had the same correlation structure to account for repeated
measurements on individuals; the simplest model with the linear
regression model for Shannon diversity, where the sample y; is
given by

Hi=Bo+ nyﬁj +f; @
J

Y; ~ Normal (;, 0) 2)

Where p is the mean and o the standard deviation of the normal dis-
tribution. i=1,2,...n where n is the number of samples. There are j
covariates in the model; x; is a matrix with n rows: row i gives the
covariate values for sample y;; B; are the regression coefficients. f
encodes the within-participant correlation; it is O for different

participants, but within-participant for a given sample is defined by
fi ~MVN(Q©,%) 3
i.e. a multivariate normal distribution with a k-by-k covariance matrix

for k within-participant samples. This matrix uses an exponentiated
quadratic kernel:

z =a® exp(—t;/20%) )
i
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Where ¢; is the difference in time between two samples. a encodes the
magnitude of the within-particpant correlation and [, the length scale,
the temporal correlation.

The effect of antimicrobials was encoded in a time-dependent
manner, S(t).

If antimicrobials are administered between ¢, and ¢, then during
exposure, the effect of a given antimicrobial j is

Bty>t>t,)=p; S

The effect after exposure is

B(t); =B exp(—(t — t)/7) (6)

And the effect before any exposure (or for a participant with no
exposure) is

Be<ty)=0 %)

This allows the effect of antimicrobial exposure to decay expo-
nentially on a time scale fit to the data, with a rate of decay defined by
the parameter tau. Stool versus rectal swab is included in the model as
a binary covariate without this time-dependent structure (i.e. a stan-
dard linear model covariate).

Priors were Student t distribution with 3 degrees of freedom and
mean 0, sd 3 for 8, 7, a. [ used an inverse gamma distribution with both
parameters set to 3; the mean of the prior on , was 3.

Negative binomial regression: taxon abundance. Modelling absolute
read numbers assigned to a given taxa used the same linear predictor,
but assumed that the read number was negatively binomially dis-
tributed with an over dispersion parameter ¢, and added an offset to
account for varying read depths

log (u}®) =B + ZXUBJ +fi+ log(d;) (8)
J

i ~ NB(}?, ) )

Where d; is the number of reads for sample i, and y; here is the number
of reads assigned to the taxa of choice. A different model was fit for the
top 10 phyla, orders, and genera. Priors were the same as the linear
model except the prior on the intercept (8o) was set to a mean of -3.
Antimicrobial covariates had the same time-varying effect, and stool vs
rectal the same non-time varying effect as the linear Shannon
diversity model.

Logistic regression: AMR gene presence. Modelling presence or
absence of AMR gene used the same linear predictor as above, but a
logistic regression model and logit link function

logit(ui™)=Po+ > _xyB;+f; (10)
J

¥; ~ Bernoulli(ut®) an

Priors were the same as the linear model except the intercept (5o)
was set to a mean of 0. Antimicrobial covariates had the same time-
varying effect, and stool vs rectal the same non-time varying effect as
the linear Shannon diversity model.

Fitting and simulating from the models. Time was scaled by the
standard deviation. All models were run with 4 chains for 1000 iterations
with a warmup of 500 iterations. Convergence was assessed by the
Gelman-Rubin statistic being close to 1, and inspection of traceplots.
Posteriors were summarised using median and 95% credible intervals,

unless otherwise stated. For simulations, covariate values were fixed and
the whole posterior (excluding warmup) used to generate predictions of
the population mean outcomes of interest (i.e. ignoring within-
participant correlations), which were then summarised with medians
and 95% quantiles, unless otherwise stated.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Metadata for the participants from whom samples were collected an
including antimicrobial exposures are available via the blantyreESBL
v1.4.1R package®. Reads were deposited in the European Nucleotide
Archive, under project accession PRJEB86881; accession numbers of
individual samples are in Supplementary Data, linked back to metadata
by the lab_id variable.

Code availability

Code to replicate the analysis is available at the project GitHub repo
https://github.com/joelewis101/deep_sequencing and mirrored at
Zenodo. (https://doi.org/10.5281/zenod0.17296033).
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