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SUMMARY
Antibiotics are deployed against bacterial pathogens, but their targeting of conserved microbial processes
means they also collaterally perturb the commensal microbiome. To understand acute and persistent effects
of antibiotics on the gut microbiota of healthy adult volunteers, we quantify microbiome dynamics before,
during, and 6months after exposure to 4 commonly used antibiotic regimens.We observe an acute decrease
in species richness and culturable bacteria after antibiotics, withmost healthy adultmicrobiomes returning to
pre-treatment species richness after 2 months, but with an altered taxonomy, resistome, and metabolic
output, as well as an increased antibiotic resistance burden. Azithromycin delays the recovery of species
richness, resulting in greater compositional distance. A subset of volunteers experience a persistent reduc-
tion inmicrobiome diversity after antibiotics and share compositional similarities with patients hospitalized in
intensive care units. These results improve our quantitative understanding of the impact of antibiotics on
commensal microbiome dynamics, resilience, and recovery.
INTRODUCTION

Antibiotics are critical, lifesaving medications that have served

as the primary treatment for bacterial infections since their clin-

ical introduction in the 1940s (Nicolaou and Rigol, 2018; Ribeiro

Da Cunha et al., 2019). However, antibiotic exposure can also

result in significant unintended consequences, including acute

and persistent changes in the commensal host microbiome

(Wipperman et al., 2017; Dethlefsen et al., 2008; Ubeda et al.,

2010; Palleja et al., 2018; De Gunzburg et al., 2018), as well as

selection for antibiotic resistance (AR) genes in commensals

and pathogens (Gasparrini et al., 2016, 2019). Immediately after

antibiotic usage, changes in the microbiome can leave patients

more susceptible to re-infection or infection from opportunistic

pathogens, such as Clostridioides difficile (Stevens et al., 2011;

Brown et al., 2013). Furthermore, taxonomic alterations to the

microbiome due to antibiotics can lead to long-term conse-

quences such as slower development of a diverse microbiome

in preterm infants (Gasparrini et al., 2016, 2019; D’souza et al.,

2019). Such gut microbiome dysbioses, commonly observed

with broad-spectrum antibiotic treatment in patients hospital-

ized in intensive care units (ICUs) (Mcdonald et al., 2016; Ojima

et al., 2016), have been linked to hospital-acquired infections
This is an open access article under the CC BY-N
(Gershuni and Friedman, 2019) and multiple organ dysfunction

syndrome (Meng et al., 2017). Resistome selection and enrich-

ment can also persist over long periods, as shown in studies in

which preterm infants (Gasparrini et al., 2016, 2019; D’souza

et al., 2019), nursing facility residents (Araos et al., 2019), and

the elderly (Rampelli et al., 2020; Li et al., 2021) have increased

AR organism and AR gene carriage, which has been theorized

to be caused in part by repeated exposure to antibiotic

treatment.

The bulk of this research on the impact of antibiotics on the hu-

man microbiome and resistome has been understandably per-

formed with retrospective cohorts of severely ill and hospitalized

individuals, who are at high risk for infections and who accord-

ingly receivemany courses of prophylactic and empiric antibiotic

therapy (Sievert et al., 2013; Mcdonald et al., 2016; Ojima et al.,

2016). Antibiotic exposure in these populations occurs in the

context of diverse confounding factors, such as infection (Mcdo-

nald et al., 2016; Ojima et al., 2016), drug exposure (D’souza

et al., 2019), hospital environment (Ojima et al., 2016; Gasparrini

et al., 2019), and potential immunocompromise (D’souza et al.,

2019). Statistical modeling, which allows for some control of

these confounders, demonstrates that the state of the micro-

biome pre-antibiotic exposure has some predictive power
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regarding the impact and severity of antibiotic exposure pertur-

bation on the microbiome, but these models are still limited by

the immense variation observed between individuals studied

retrospectively (Gasparrini et al., 2019; Shetty et al., 2017). To

separate the acute and persistent effects on microbiome

composition and function from antibiotic exposure versus from

the effects of illness and hospitalization, we must look to pro-

spective studies that characterize the impact of antibiotics on

healthy, un-hospitalized adults (Dethlefsen et al., 2008; Dethlef-

sen and Relman, 2011; Palleja et al., 2018; De Gunzburg et al.,

2018). Furthermore, the healthy, adult microbiome is relatively

stable in an individual and has been theorized to be robust and

resilient to perturbation (Faith et al., 2013). However, adult micro-

biomes can vary considerably across individuals (Huse et al.,

2012; Manor et al., 2020), and this variability may result in

different levels of vulnerability to and severity of AR perturbation.

Understanding these differences and defining the effects of spe-

cific antibiotics on healthy human microbiomes can help identify

predictive factors that distinguish healthy and dysbiotic states,

informing the development of future anti-infective treatments

that minimize collateral microbiome damage (Shetty et al., 2017).

The existing literature explaining the effects of clinically rele-

vant antibiotic exposure on the taxonomic and functional archi-

tecture of the healthy human microbiome is limited, as healthy

individuals do not routinely need antibiotics. Two foundational

studies assessed the effect of a short course of ciprofloxacin

on the taxonomic structure of the microbiomes of 3 healthy indi-

viduals, using pyrosequencing of the 16S rRNA gene hypervari-

able region (Dethlefsen et al., 2008; Dethlefsen and Relman,

2011). The authors observed an almost universal acute decrease

in taxonomic diversity after treatment and an incomplete recov-

ery in some cases, but they were unable to assess changes in AR

genes or other functional components of the microbiome

because of the methodologies used. Similar findings have

been reported for amoxicillin (De La Cochetière et al., 2005)

and the amoxicillin-clavulanic acid combination (Mangin et al.,

2012), which is indicative of an interplay between more universal

signatures of bacterial selection and person-to-person variability

of outcomes after antibiotic treatment. A few recent studies have

applied shotgun metagenomics to this question, which can

assess not only variation in taxonomic diversity but also resis-

tome abundance and composition. These studies demonstrated

an effect of moxifloxacin on bacterial gene richness within the

first 5 weeks (De Gunzburg et al., 2018), a significant increase

in tet resistance genes after 1 week in healthy volunteers given

amoxicillin (Zaura et al., 2015), and a partial recovery of species

richness after a 4-day course of a 3-drug cocktail in a cohort of

18 healthy young men (Palleja et al., 2018). While these studies

have increased our understanding of taxonomic and resistance

composition changes beyond what 16S rRNA sequencing can

describe, they are still limited by the number of treatments and

timepoints studied, and thus a cohesive understanding of both

the acute and chronic effects of commonly prescribed antibi-

otics is still missing. The concept of ecological opportunity is

used to describe environments with niche availability and discor-

dance that drive persistence and adaption in community mem-

bers (Wellborn and Langerhans, 2015; Simpson, 1984). Gut

microbiomes have been theorized to be environments with great
2 Cell Reports 39, 110649, April 12, 2022
ecological opportunity (Scanlan, 2019; Mcdonald et al., 2020),

especially during low-diversity events such as infant develop-

ment (Ferretti et al., 2018; Angell and Rudi, 2020) and perturba-

tion due to antibiotics or disease (Scanlan, 2019). There are open

questions concerning the effect of time-induced drift during mi-

crobiome recovery: As the community begins the process of re-

assembly in the presence of external factors (antibiotics), do

treatments vary in the time to recovery and net compositional dif-

ferences? What genetic components and commensal bacteria

define the ecological succession?

A complementary approach to prospectively investigate anti-

biotic perturbation of the microbiome is to use laboratory murine

models, in which many of the confounders from a retrospective

human cohort can be controlled for. Murine models have shown

that antibiotic perturbation alongside diet canmodulate composi-

tional differences in the microbiome (Turnbaugh et al., 2009; Ca-

bral et al., 2020) and host susceptibility to infection by Salmonella

enterica (Sekirov et al., 2008) and C. difficile (Theriot et al., 2014;

Laubitz et al., 2021). While these murine studies have served

important roles in hypothesis testing andmechanistic exploration

(Daillèreetal., 2016;Gopalakrishnanetal., 2018), it isoftendifficult

to translate thesefindings tohumanhealth and treatmentbecause

of the substantial differences in ‘‘natural’’ human and mouse mi-

crobiomes and host biology (Park and Im, 2020), and the idealized

nature of experimental work in mice (inbredmouse lines often fed

restricted, highly regulated diets) (Nguyen et al., 2015).

We hypothesized that antibiotic regimens, which are routinely

used for the treatment of bacterial infections, would cause acute

perturbation to the microbiomes of healthy human volunteers by

increasing the relative abundance of pathobionts and select for

AR genes. We further hypothesized that while the taxonomic di-

versity of these microbiomes would largely recover to pre-

perturbation states within weeks to a few months, the ‘‘scars’’

of perturbed taxonomic composition, AR gene enrichment, and

compositional drift would persist over the same time scales.

Thus, in this study, we designed and executed a prospective,

longitudinal investigation of the impact of 4 different antibiotic

regimens recommended for outpatient community-associated

pneumonia on the taxonomy, resistome, and functional output

of healthy volunteer microbiomes. This represents a patient pop-

ulation who would receive antibiotics for respiratory infections,

which are frequently not bacterial in etiology. Thus, many antibi-

otics are frequently misused for that indication, and we were

accordinglymotivated to understand the effect of these common

unwarranted treatments on a healthy human microbiome. In our

study design, we collected multiple control samples per individ-

ual before antibiotic exposure to establish pre-perturbation

baseline microbiome states. Using both quantitative microbio-

logic culture and metagenomic sequencing, we analyzed both

the acute effect of antibiotic perturbation (AP) on healthy volun-

teer gut microbiomes and the putative persistent ‘‘antibiotic

scarring’’ (defined as a statistically significant increase in AR

compared to the pre-antibiotic state) observed up to 6 months

after antibiotic exposure, and we compared the trajectories of

these perturbations to the microbiomes of hospitalized, critically

ill patients.

We found a remarkable similarity in the effect of each antibiotic

treatment on species richness and viable colony forming unit
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Figure 1. Healthy microbiomes are perturbed by antibiotic treatment

(A) Longitudinal tracking of changes in semi-quantitative culturing of aerobic bacteria. All confidence intervals are bootstrapped 95% CI of the mean. Asterisks

represent significantly different timepoints (See Tables S3–S5 for p values).

(B) Longitudinal tracking of changes in semi-quantitative culturing of anaerobic bacteria. All confidence intervals are bootstrapped 95%CI of the mean. Asterisks

represent significantly different timepoints (See Tables S3–S5 for p values).

(legend continued on next page)
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(CFU) concentrationswith antibiotic-specific enrichment in taxon-

omyand resistance.Recoveryafter treatmentscontaining azithro-

mycin was slower, resulting in niche discordance and greater net

compositional distance. Three volunteers already at low micro-

biome diversity seemed primed to large taxonomic perturbations

after antibiotic treatment, increasing their taxonomic similarity to

microbiomes from critically ill ICU patients. Even though most of

the volunteers returned to a similar level of taxonomic diversity af-

ter treatment, significant increases in AR genes, changes to the

functional output of the microbiome, and an altered taxonomic

state implysignificant long-termconsequences. Thesedataquan-

titatively illuminate how the healthymicrobiome buffers antibiotic-

specific changes to the relative abundance of specific taxa during

perturbation, and identifies key areas of further research, such as

identifying individuals at greater risk of perturbation.

RESULTS

To quantify the effect of antibiotics on the gut microbiota of

healthy individuals over time, we recruited a study group of 20

volunteers from the St. Louis, MO, metropolitan area (Table S1).

The cohort was then randomized into 1 of 4 antibiotic treatment

groups: (1) azithromycin (AZM) dispensed as a standard oral

dose pack with a 500-mg first dose on day 1 and 250 mg daily

thereafter, (2) levofloxacin (LVX) dispensed as 750 mg, (3) cefpo-

doxime (CPD), dispensedas250mg twiceper day, and (4) a com-

bination of the azithromycin andcefpodoxime (CPD+AZM) treat-

ments at the aforementioned individual doses. All of the

treatments were administered orally for 5 days, consistent with

Infectious Diseases Society of America/American Thoracic Soci-

ety guidelines for community-acquired pneumonia in adults

(Mandell et al., 2007). Fecal samples from volunteers were

collected longitudinally at 15 timepoints encompassing periods

before, during, and after antibiotic treatment (Table S2). The first

4 sampling points were taken before antibiotic administration to

establish a robust baseline for the unperturbed microbiome of

eachpatient over a time span similar to theperiod of acute pertur-

bation after treatment (2 weeks). Antibiotic treatments started on

day0, andsampleswere takenondays3, 6, 9, 12, and19after the

start of antibiotics. After the first 30 days post-treatment, sam-

pling intervals were increased to 1 month (days 35, 65, 95, 125),

and finally 2months (day 185) for the last interval. The participant

retention rate was 100%, with a 96.3% sample submission rate,

for a total of 289 fecal samples for analysis. A subset of 10 sam-

pling points per individual underwent semi-quantitative microbi-

ologic culture. The microbiomes of this healthy volunteer cohort

were then compared to fecal samples from 26 ICU patients in

the St. Louis, Missouri area who were being screened for

C. difficile colonization. ICU patients are a patient population
(C) Longitudinal tracking of metagenomic species richness. All confidence inter

different timepoints (See Tables S3–S5 for p values.)

(D) The trajectory of the stool samples through the PCA space before and at the e

points, with arrows illustrating volunteer microbiomemovement through the PCA s

for CPD or CPD + AZM and green for AZM or LVX.

(E) A cladogram overlaying colors representing significant effect sizes found at e

Table S7 for the biomarker legend. Each node denotes a taxonomic unit within the

in the treatment group represented by that color. White nodes represent taxonom

See also Figures S1 and S2.
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with a well-documented high AR burden (Kollef and Fraser,

2001; Macvane, 2016).

Antibiotics decrease microbiome bacterial load and
richness and perturb microbial community structure
We analyzed gut microbiomes using complementary culture-

based and culture-independent methods. To assess the effect of

antibiotics on the bacterial load of the gut microbiome, we used

semi-quantitative microbiologic cultures of viable bacteria in a

subset of fecal samples. We found a significant mean reduction

of 4.78 log-transformed CFU (95% confidence interval [CI] 2.89–

6.36, p = 0.0074, paired Wilcoxon rank sum) and 2.90 (95% CI

1.90–3.91, p = 0.0047) in aerobic and anaerobic bacterial titers,

respectively, between days 6 and�14 (Figures 1A and 1B; Tables

S3 andS4). No significant differenceswere found between culture

results from samples taken on days�14 and�1. The day after the

endof treatment, bacterial species richnessalsodecreasedsignif-

icantly when compared to day�14 (11.50 95%CI 7.99–16.00, p =

0.0052) (Figure 1C; Table S5). Again, there were no significant

differences in species richness between any of the other 3 pre-

antibiotic time points and the time point at day �14.

In addition to these broad trends, we also observed antibiotic-

specific effects on themicrobiome.Principal-component analysis

(PCA) of species abundance for the full dataset (all volunteer time

pointsand ICUgroup;FigureS1)wasused tovisualize theeffectof

antibiotic administration on volunteermicrobiomes.We observed

that volunteer microbiomes given specific treatments shared

similar trajectories through PCA space after treatment, with the

CPD and CPD + AZM treatment groups separating significantly

from the LVX and AZM groups (p = 0.01 [PERMANOVA])

(Figures 1D and S2). Linear discriminant analysis (LDA) between

the 2 groups at day 6 revealed an enrichment of the Bacteroidetes

phylum (logaverage: 5.82, LDAeffect size=5.02,p<0.01) and the

Clostridium genus (marked as B on Figure 2E) (log average: 4.43,

LDA effect size = 3.99, p < 0.05) in the healthy volunteers given

CPD or CPD + AZM. Volunteers given LVX or AZMwere enriched

for genera in the Firmicutes phylum (log average: 5.73, LDA effect

size = 5.03, p < 0.01) such asEubacterium (log average: 5.28, LDA

effect size = 4.82, p < 0.01), Ruminococcus (log average: 4.73,

LDA effect size = 4.34, p < 0.01), and Anaerostipes (log average:

3.22, LDA effect size = 3.91, p < 0.05) (Figure 1E). Notably, signif-

icant compositional differences between the groups were abro-

gated by day 185 (p = 0.98 [PERMANOVA]; Figure S2).

Azithromycin delays recovery of species richness and is
associated with the relative abundance of 9 gut
commensals and metabolic pathways
After treatment with antibiotics, viable aerobic and anaerobic

bacteria cultured from volunteer fecal samples significantly
vals are bootstrapped 95% CI of the mean. Asterisks represent significantly

nd of antibiotic administration. The PCA was generated using all of the sample

pace starting at day�14 to day 6. Samples are color-coded by antibiotic—blue

ach taxonomic level (blue for CPD/CPD + AZM and green for AZM/LVX). See

bacterial hierarchy, and when colored, were found to be significantly enriched

ic units that were present, but not significantly enriched in either group.
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Figure 2. The microbiome recovers but is delayed by AZM

(A) Longitudinal recovery of relative species richness after AP. Black confidence intervals in metagenomic data represent bootstrapped 95% confidence intervals

for the average of CPD and LVX volunteers at each time point, and blue confidence intervals represent 95%bootstrapped confidence intervals for AZMand XPD+

AZM volunteers at each timepoint. The dashed line represents the pre-treatment average species richness.

(B) p value significance tests over imputed intervals between LVX and CDP and the AZM and CPD + AZM groups after antibiotic administration. The dashed line

represents 0.05 p value significance threshold.

See also Figures S3 and S4.
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decreased in concentration. We observed lower aerobic CFU/

mL counts from fecal samples from days 6 (4.78 log-trans-

formed CFU 95% CI [2.89–6.36], p = 0.0074 [adjusted Wilcoxon

rank sum]) and 12 (4.56 log-transformed CFU 95% CI [2.47–

6.86], p = 0.0074 [adjusted Wilcoxon rank sum]) than those re-

corded on day �14 (Table S3). Anaerobic CFU/mL counts ex-

hibited a similar perturbation after treatment with reduced

CFU counts on day 6 (2.90 95% CI [1.91–3.91], p = 0.0047 [Wil-

coxon rank sum]) and 12 (2.83 95% CI [1.70–4.31], p = 0.0047

[Wilcoxon rank sum]; Table S4). Recovery to baseline was re-

established by day 19 after treatment for both aerobic and

anaerobic cultures. The species number for all of the volunteers

recovered by day 19 (Table S5). Microbiome diversity recov-

ered in a treatment-specific manner, with volunteers given

LVX or CPD recovering 12 days after antibiotic administration

(3.00 95% CI [�9.99 to 10.00], p = 0.4 [Wilcoxon rank sum])

(Figures 2A and 2B). In contrast, volunteers given AZM or

CPD + AZM appeared to deviate from the recovery shown by

LVX or CPD volunteers.

We discovered that AZM and CPD + AZM volunteer micro-

biomes, hereafter referred to as the slow recovery group (SRG),

exhibited a significant delay in recovery between days 24 and

30 when compared to the microbiomes of volunteers given LVX

orCPD, referred toas the fast recoverygroup (FRG) (p<0.05) (Fig-

ure 2B). Theaverage species richnessof theAZMandCPD+AZM
groupscontinued tobe lower thanpre-antibiotic levels until day65

(5.00 95% CI [2.20 3 10�5e�5�1.49e�1], p < 0.051 [Wilcoxon

rank sum]; Figures 2A and 2B). Eight commensal bacteria were

identified to have recovered significantly slower in volunteer mi-

crobiomes given AZM or CPD + AZM than in microbiomes given

LVX and CPD: Alistepes putridensis, Bifidobacterium longum,

Collinsella aerofaciens, Eubacterium eligens, Dorea longicatena,

and Barnseilla intestinihominis (p < 0.05 [ZIBR, zero-inflated b

random effect model]). The average abundance ofMethanobrevi-

bacter smithii exhibited 2 short blooms on days 12 and 35 in AZM

and CPD + AZM. Bacteroides massiliensis was the only species

identified as being enriched in AZM and CPD + AZM after treat-

ment (p < 0.05 [ZIBR]).

Functional analysis confirmed that the slow recovery of

Bifidobacterium longumwasassociatedwith thedecreasedabun-

dance of the alternative, non-mevalonate 2-C-methyl-d-erythritol

4-phosphate/1-deoxy-d-xylulose 5-phosphate pathway (MEP/

DOXP pathway), a metabolic pathway belonging to theBifidobac-

terium genera.

Similar to the recovery over time in species number, the cumu-

lative distance through the first 10 dimensions of the PCA did not

differ for both the FRG and SRG. However, the SRG had a signif-

icantly higher distance through 10-dimensional Euclidean dis-

tance during recovery (p = 0.022, t test on log-transformed dis-

tances; Figure S3).
Cell Reports 39, 110649, April 12, 2022 5
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Figure 3. Resistance gene burden increases up to 2 months after antibiotic perturbation

(A) Resistance gene burden measured as total reads per kilobase of transcript, per million mapped reads (RPKM) of all resistance markers increases significantly

immediately after antibiotic perturbation and then again at day 65. All confidence intervals are bootstrapped 95% CI of the mean.

(legend continued on next page)
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The resistance reservoir increases in healthy volunteer
microbiomes over time after antibiotic perturbation
AfterAP,ARgeneburden increased significantly for the volunteers

receivingCPD,AZM,andCPD+AZM treatmentswhencompared

to the average of their pre-antibiotic sampling points (Figures 3A

and 3B; Table S6). Conversely, volunteers receiving LVX exhibited

no significant changes over time (adjusted p < 0.05, paired Wil-

coxon rank sum). Only 3 resistance elements were identified as

changing significantly over time in the CPD, AZM, and CPD +

AZM treatments. Three resistance genes, cfxA, tetO, and tet40,

increased significantly (adjusted p < 0.05 [Splinectomer],

Figures 3C–3E). tetO and tet40 are often found in Firmicutes (Zil-

hao et al., 1988; Kazimierczak et al., 2008), and we observed a

concomitant increase in the average relative abundance of Firmi-

cutes for all of the volunteers beginning at day 65 (Figure S4).

The healthy volunteer resistome after perturbation is
distinct from the resistome of ICU patients
We next identified significant differences in AR gene content be-

tween the healthy volunteer microbiomes the day after the end of

antibiotic treatment (day 6) andmicrobiomes from 26 ICU patient

fecal samples (Figure 4A). The microbiomes of the ICU patients

were characterized by the enrichment of AR genes encoding

multi-drug resistance (log average: 5.07, effect size = 4.75,

p < 6.46e�7 [LDA]), specifically efflux pump classes such as

ABC class efflux (log average: 3.30, effect size = 3.13,

p < 0.009 [LDA]), and SMR class efflux (log average: 3.26, effect

size = 3.14, p < 0.009 [LDA]). Healthy volunteer microbiomes

were enriched for the b-lactam resistance gene cfxA (log

average: 5.57, effect size = 5.12, p < 0.001 [LDA]) and macrolide

resistance genes acting on the 23S ribosomal RNA methyltrans-

ferase (log average: 5.42, effect size = 4.59, p < 0.02 [LDA]), both

targeting antibiotic treatments just administered.

We identified the 70 most highly variable and abundant AR

genes in averaged acute post-antibiotic healthy volunteers and

the ICU dataset. Hierarchical clustering identified 5 clusters, with

the healthy volunteers forming 1 distinct cluster (Figure 4B). The

ICU cohort was split into 4 distinct groups: Cluster 3 was largely

depleted of the set of highly variable genes; cluster 2 shared mul-

tiple genes overlapping with the averaged acute post-antibiotic

healthy volunteer profile; cluster 4 contained glycopeptide resis-

tance genes that confer vancomycin resistance commonly found

in vancomycin-resistant Enterococcus (VRE); and finally, cluster

5 contained genes encoding mostly b-lactam efflux pumps.

Most healthy volunteers remain inside the healthy PCA
space and some enter the ICU PCA space after
antibiotics
To compare the effect of AP on healthy volunteer microbiomes

with the presumed dysbiotic microbiome state of the ICU pa-

tients, healthy volunteer metagenomes were mapped through

the first 2 dimensions of the PCA ordination space at days
(B) p value compared to first sample point at all time points. Long-term increases

the 0.05 p value threshold (see Table S6 for p values). The black line represents

purple line represents the p value over time for LVX-treated volunteers.

(C–E) AverageRPKMwith bootstrapped95%confidence intervals of the genes fou

See also Figure S4.
�14, 6, and 185 (Figure 5A). Pre-antibiotic samples were used

to estimate a density contour within the first 2 axes of the PCA,

which we defined as the area of the pre-antibiotic ‘‘healthy

state.’’ Another density contour was estimated from ICU micro-

biomes to characterize the dysbiotic state of critically ill patients.

After perturbation, healthy volunteer microbiomes experienced a

shift in their taxonomic composition toward a diversity minimum,

where the majority of ICU patients were clustered (Figure 5A).

Most of the volunteers (17 of 20) then showed a reversal of this

trajectory, returning to an area near where they began, with

most never leaving the healthy state area. However, 3 volunteer

microbiomes experienced large decreases in diversity and rich-

ness, traversed long paths through PCA space over time, and

entered the density contour demarcated by critically ill ICU mi-

crobiomes. The PCA distance had no positive enrichment of

any functional pathways. However, of the top 20most significant

negatively enriched pathways, 18 were from the genus Eubacte-

rium.While the other volunteers lost on average 10.28 species on

day 6 after antibiotic exposure, the 3 ‘‘ill-like’’ volunteers lost an

average of 23.67. For these 3 individuals, the recovery of Shan-

non’s diversity index was incomplete and was significantly

different from the rest of the volunteers (linear regression,

p < 4.66e�6). By the end of the study, they had only 63.4% of

the species they started with, as opposed to a 99.1% recovery

in the rest (Figure 5B). These individuals contained a significantly

lower abundance of 9 metabolic pathways originating from the

Eubacterium genera andwere instead enriched for lysine biosyn-

thesis pathways from the genera Clostridiodes and Erysipelotri-

chaceae. Interestingly, their resistance gene burden did not differ

from that of the rest of the volunteers (Figure 5C). This analysis

indicates that a subset of the healthy volunteers was at greater

risk of AP of their microbiome taxonomic diversity, and their re-

turn to a healthy state was incomplete.

The taxonomy and resistance composition of the healthy
volunteer microbiome is altered after recovery
We next wanted to ascertain whether post-antibiotic selection

resulted in effects large enough to significantly alter the compo-

sition of the microbiome, similar to what was observed with

diversity. The compositional paired-mean difference between

an average of the pre-antibiotic composition and the first (pre-

perturbation) healthy volunteer microbiome sample was

compared to the dissimilarity between an average of the pre-

antibiotic composition and all of the other time points from the

same volunteer via Bray-Curtis dissimilarity. Bray-Curtis dissim-

ilarity between all of the pre-antibiotic time points was low, and

no time points were significantly different from the starting

composition (Figures 6A and 6B). However, after the start of anti-

biotic treatment, the Bray-Curtis dissimilarity between themicro-

biome samples of a volunteer to his or her first sample increased

dramatically and remained elevated for both taxonomy and AR

genes (Figures 6C and 6D). This contrasts with microbial
in tetracycline resistance after all of the treatments. The dashed line represents

the p value over time for AZM-, AZM+CPD-, and CPD-treated volunteers. The

nd to be significantly increased over time. The y axis represents averageRPKM.
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Figure 4. The healthy volunteer resistome after AP is distinct from the ICU patient resistome

(A) Cladogram of the antibiotic resistance genes found to be discriminatory between healthy volunteers at day 6 and ICU remnant microbiomes. The ICU

microbiomes were highly enriched for multi-drug resistance and efflux pump complexes. The healthymicrobiomeswere enriched for cfxA resistance and the 23S

ribosomal RNA methyltransferase mechanism of macrolide resistance (Au). See Table S8 for the biomarker legend.

(B) Heatmap of the 70most highly variable resistancemarkers for the same sample set. The healthy volunteer samples cluster together and are largely depleted of

themarkers representative of the ICUmicrobiomes. The ICUmicrobiomes have 4 distinct clusters, whichwere dominated by distinct sets of variablemarkers. The

scale represents log-transformed RPKM values.
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richness, which by day 40 was no longer significantly lower than

pre-treatment levels (Figure 2B).

DISCUSSION

Antibiotic exposure may result in acute and persistent changes

in the commensal host microbiome (Wipperman et al., 2017;

Dethlefsen et al., 2008; Ubeda et al., 2010; Stevens et al.,

2011). We found a significant reduction in viable bacterial titers

in aerobic and anaerobic microbiologic cultures and a reduction

in metagenomic species richness. These results are consistent

with previous studies involving antibiotics in healthy individuals,

which support our initial hypothesis that antibiotics can cause

acute perturbations in the gut microbiome of healthy volunteers

(Palleja et al., 2018; De Lastours et al., 2017). This reduction was

first observed on day 6, the first day after the 5-day treatment.

This was likely due to our study design, which collected time

points the first day of treatment, before the antibiotic perturba-

tion had time to reach the stool. The small number of volunteers
8 Cell Reports 39, 110649, April 12, 2022
and 4 different antibiotic treatment groups may have included

too much variation to detect the beginning of decreased species

richness and CFUs at the next sampling point, which was day 3

of the 5-day treatment. Palleja et al. (2018) found a significant

decrease in metagenomic operational taxonomic units 1 day af-

ter the end of a 4-day treatment with a 3-drug cocktail, which

correlates well with our observation of a significant decrease

1 day after the end of the 5-day treatment in our study. Given

the information from this previous study, it seems reasonable

that had we collected samples on day 4 of the 5-day treatment,

we may have seen a significant difference in species richness or

culture CFUs.

Furthermore, we observed a direct relationship between spe-

cies relative abundance and resistance elements. Immediately

after treatments containing CPD, there was a relative enrichment

of Bacteroidetes. Bacteriodes spp. have a well-documented

resistance to b-lactams, and the cfxA gene produced phenotypic

resistance to cefoxitin in Bacteriodes species (Edwards, 1997;

Ferreira et al., 2007; Garcı́a et al., 2008). cfxA increased in
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Figure 5. A subset of ill-like individuals were heavily perturbed during the study

(A) A 6-month longitudinal analysis of healthy volunteer microbiomes through the PCA space. The red dots are the ICU remnant microbiomes, while the blue dots

represent the starting locations of all of the volunteermicrobiomes. The arrows represent passage over time of themicrobiomes, with the starting point samples at

day �14, the inflection point is their location at day 6, and the arrowhead is their location at day 185. All of the volunteer trajectories are present, but the 3 that

ended in ICU space are bold. The blue density contour was estimated using the starting coordinates of the volunteer microbiomes and overlaid onto the PCA

space, and the magenta contour represents the density of the ICU microbiomes.

(B) Longitudinal analysis of overall resistance burden for the ICU-like subset of 3 healthy volunteers (represented in purple) and the rest of the volunteers. The error

bar confidence intervals represent 95%bootstrapped confidence intervals of themean, and a linearmodel estimatewas fit to both groups starting after the end of

antibiotic administration. Shaded regions represent 95% confidence interval for the linear fit for each group.

(C) The changes over time in species diversity for the ICU-like volunteers and the rest of the volunteers, with a linear model fit to both starting after the end of

antibiotic administration.The error bar confidence intervals represent 95% bootstrapped confidence intervals of the mean. Shaded regions represent 95%

confidence interval for the linear fit for each group.

See also Figure S1.
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relative abundance after CPD or CPD+AZM treatment, suggest-

ing that this is a primary form of resistance for enteric Bacterio-

des spp. as well. Previous studies had found that cefprozil, a

second-generation cephalosporin, induced increases in Entero-

bacter cloacae in healthy volunteers with low-diversity, Bacter-

oides-dominated microbiomes (Raymond et al., 2016). Our re-

sults indicate that Bacteroides species survive CPD treatment,

likely via cfxA, resulting in a low-diversity, high-Bacteroides envi-

ronment, generating an opportunity for the expansion of patho-

gens such as Enterobacter spp. In comparison, the AZM and

LVX groups were enriched for multiple Gram-positive genera

within the Firmicutes phylum. The increases correlate well with

observed increases in the Bacteriodes:Firmicutes ratio in mice

(Li et al., 2017). These taxonomic changes were implicated in

increased adipogenesis, altered microbiome short-chain fatty

acid production, and other risk factors for obesity.

The recovery of species richness after exposure varied by

treatment, similar to previous studies (Korpela et al., 2016; Pal-

leja et al., 2018). The SRG, which consisted of volunteers given

AZM or AZM + CPD, experienced a 6-day period of extended

lower diversity, approximately the duration of the terminal half-
life for this drug of 5 days (Drew and Gallis, 1992). This is in sharp

contrast to the much shorter half-life of CPD and LVX, which are

reported to be 2–3 and 6–8 h, respectively; this could explain in

part the slower recovery of species richness in the SRG (Borin,

1991; Fish and Chow, 1997). Previous analyses using 16S

rRNA gene amplicon data reported a reduction in species rich-

ness 1 year after children were treated with the macrolides clar-

ithromycin and erythromycin, as well as a reduction in the abun-

dance of Bifidobacterium and Collinsella genera (Korpela et al.,

2016). Our time series data in adults identified both B. longum

and C. aerofaciens as well as E. eligens and D. longicatena

recovered more slowly after AZM. B. longum has been shown

to be reduced in abundance in both the elderly (Woodmansey,

2007; Rampelli et al., 2020) and the critically ill (Shimizu et al.,

2011; Ojima et al., 2016). A recent study found a negative corre-

lation between increased abundance of the Bacteriodes and

Methanobrevibacter genera and the healthy microbiome (Wil-

manski et al., 2021), and the change over time of the 2 species

significantly associated with slow recovery hail from these

genera. The 2 recovery groups had similar cumulative distances

through the PCA space, but the SRG also had a significantly
Cell Reports 39, 110649, April 12, 2022 9



Figure 6. Antibiotic perturbation in the healthy volunteer microbiome

(A and C) Bray-Curtis dissimilarity of each time point to the median of the pre-antibiotic composition. Within-patient Bray-Curtis dissimilarity for all healthy

volunteers was compared to the first time point. All time points for the pre-antibiotic period exhibit low dissimilarity, but this increases immediately starting with

antibiotic administration and remains high until the end of the study (day 185). This analysis was conducted for species composition (A) and for resistance gene

composition (C).

(B and D) Bootstrapped 95% confidence intervals generated for data at each time point.
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higher distance between their first and last samples. The stability

of the post-antibiotic microbiome is well documented (Jernberg

et al., 2007; Moya and Ferrer, 2016), but the effect of time-

induced drift associated with 1 antibiotic versus another is not

well understood. Our results confirm that antibiotic treatment

produces ecological opportunity in healthy individuals, reshap-

ing even robust fecal microbiomes through increased resistance

gene content and altered taxonomic composition. The increased

net compositional distance exhibited by the SRG is likely due to

the longer bioavailability of AZM driving prolonged niche discor-

dance and ecological opportunity. Increased intrapatient tempo-

ral variation in stool and skin microbiomes has been significantly

associated with adverse infectious outcomes after patients with

acute myeloid leukemia underwent induction chemotherapy

(Galloway-Peña et al., 2017). Co-option of the community insta-

bility inherent in ecological opportunity by pathogenic organisms

has been theorized to drive pathogen virulence and adaptation

(Scanlan, 2019). The SRGwas also associated with lower counts

of the Bacteriodes pentose phosphate pathway, as well as the

alternative, MEP/DOXP pathway from the genusBifidobacterium

(of which B. longum, one of the species identified as recovering
10 Cell Reports 39, 110649, April 12, 2022
slower in this group, is a part) (Milani et al., 2014). This pathway is

also present in many pathogens (Hale et al., 2012), and is

currently being investigated as a target for antibiotic develop-

ment due to its absence in humans and the known ability of fos-

midomycin to inhibit 1-deoxy-D-xylulose 5-phosphate reducto-

isomerase, a key enzyme in the pathway (Zinglé et al., 2010). It

is hypothesized to be a method to modulate host response

and lower the chance of an immunogenic reaction to commensal

bacteria (Eberl et al., 2003).

When we compared antibiotic resistance composition, we

found that immediately after a 5-day course of antibiotics, the

AR gene burden in healthymicrobiomes increased and remained

elevated for the length of the study in volunteers receiving CPD,

AZM, and CPD + AZM. This initial increase in AR gene burden

was not unexpected, and similar increases have been described

(Palleja et al., 2018). The length of elevated AR burden varied

from previous studies; Palleja et al. (2018) reported no significant

increases in total AR burden by 45 days in adults; however,

D’souza et al. (2019) reported significant increases in AR

prevalence by 6 months in HIV-exposed, uninfected infants

receiving weekly clotrimoxazole prophylaxis. The reason for
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these differences in severity and duration of AR elevation is likely

to be governed by the maturity, stability, and health of the micro-

biomes under study, and the effects of each specific antibiotic

treatment, as LVX did not increase resistance gene burden.

While AR gene burden was in general higher in ICU patient mi-

crobiomes, certain classes of AR genes in healthy volunteers

were enriched compared to ICU patient microbiomes, including

AR gene classes specific to the antibiotics given during the

study, such as the b-lactam resistance gene cfxA (CPD) and

23S ribosomal RNAmethyltransferase resistance (AZM). ICU pa-

tients were instead enriched for multi-drug resistance. In the

generalist-specialist game theory model of ecological succes-

sion, generalists initially dominate environments with high

ecological opportunity during population expansion (Angell and

Rudi, 2020). Remodeling of the healthy individual resistome after

antibiotic exposure resulted in increases in 3 genes, tetO, cfxA,

and tet40, 2 of which do not convey resistance to any of the an-

tibiotics given in the study, confirming that antibiotic perturbation

creates opportunities for species with generally broad antibiotic

resistance to dominate transiently. While some AR genes can

reliably be used as signatures of specific bacteria, such as

ampC for Enterobacteriaceae (Jacoby, 2009; Pitout, 2008),

tetOmay instead be an indicator of previous antibiotic exposure

and subsequent microbiome-wide increase in AR gene burden

and selection (Forsberg et al., 2015). Short courses of antibiotics

could trigger the acquisition or entrenchment of diverse resis-

tance genes, leading to increased AR seen in some ICU patients

and the elderly (Shimizu et al., 2011; Choy and Freedberg, 2020).

The persistent increases in overall AR burden, in tandem with

reduced microbiome diversity and similarity to ICUmicrobiomes

of a subset of volunteers, could be used as biomarkers for future

adverse reactions to antibiotic treatment, or for the higher risk of

hospital-acquired infection as has been proposed for other dis-

eases (Zhou et al., 2019).

Although antibiotics caused an average decrease in species

richness, volunteer microbiomes returned to a pre-antibiotic

level within 2 months. This resilience is similar to previous

studies, which reported that antibiotic exposure yielded only a

short-term effect on species richness (Dethlefsen et al., 2008;

Dethlefsen and Relman, 2011). Despite this general trend of resil-

ience, the microbiome of 3 individuals recovered slower than the

rest of the volunteers. Instead, they exhibited substantial move-

ment over time through the PCA space, ending the observation

window within the PCA space dominated by ICU patient micro-

biomes, and had significant changes to their metabolic output,

with reduced pathway abundance from the Eubacterium genera,

an important gut commensal, but increased abundance of path-

ways from the genus Erysipelotrichaceae. Erysipelotrichaceae

species are known to be highly immunogenic (Palm et al.,

2014), linked to inflammatory bowel disease (IBD) and an in-

crease in relative abundance post-antibiotics (Zhao et al.,

2013). The PCA distance between the first and last sample of a

volunteer was negatively correlated with 18 Eubacterium meta-

bolic pathways, which suggests that functional pathways origi-

nating from that genus could be important to reducing the large

changes over PCA space that the 3 ill-like volunteers underwent.

The concept of antibiotic scarring has been used in previous

work (Gasparrini et al., 2019) to describe long-term AR gene
accumulation in pediatric microbiomes; we propose a modified

definition in which scarring is characterized as a significantly

altered, perturbed taxonomic composition with increased AR

burden (a generalized response containing on- and off-target

resistance elements) after antibiotic exposure. We further

identify that antibiotic scarring pushes some low-diversity micro-

biomes toward an ill-like phenotype, demonstrating that long-

term microbial community perturbation can occur from a single

dose of antibiotics in healthy individuals. This definition has the

potential to be integrated into patient care models optimized

for selecting antibiotic treatment personalized to the unique mi-

crobiome composition of an individual, an important goal of anti-

biotic stewardship.

Limitations of the study
Although this is a pilot study and is limited in scope, we believe

that it creates a usable framework for studying the universal ef-

fects of antibiotics on the healthy human microbiome, as well

as for identifying microbiome compositions that may be more

prone to potential antibiotic-induced dysbiosis. One limitation

of short-read shotgun metagenomic DNA sequencing lies in its

inability to determine what microbiota functions are actively be-

ing expressed. While our data suggest that relatively few AR

genes increase in abundance long term after AP, future studies

leveraging metagenomic RNA (cDNA) sequencing or long-read

sequencing could determine whether this correlates with

increased gene expression or horizontal transmission within

themicrobial community, respectively (Anthony et al., 2020; Leg-

gett et al., 2020). The small treatment group size and 6-month

study window of our study also limit the ability to discern whether

the observed alterations to the taxonomy and resistome persist

to longer intervals, although other studies have recorded similar

trends years after antibiotic exposure (Dethlefsen and Relman,

2011; Gasparrini et al., 2019). Regardless, our results illustrate

a dynamic but somewhat incomplete recovery process that is

dependent on the specific antibiotic regimen and highlight the

potential intrinsic resilience of particular gut microbial commu-

nity architectures. Strain-level dynamics during antibiotic pertur-

bation provide an extra layer of complexity and may help explain

the remarkable change in the composition of the resistome (Yas-

sour et al., 2016). The ICU comparator group was collected dur-

ing routine C. difficile surveillance testing, and thus no clinical

metadata were collected that could help identify patient covari-

ates or further explain the variation in antibiotic perturbation in

healthy volunteers. Although any observation of differential resis-

tance elements between ICU patients and healthy volunteers is

impossible to correlate to previous ICU antibiotic exposure

without extensive knowledge of their clinical history, this

comparator group serves as an example of the low-diversity,

high-MDR taxonomic state found in ill patients, and thus of a

general dysbiosis phenotype (Mcdonald et al., 2016).

In conclusion, our findings indicate that short courses of anti-

biotics commonly used for the treatment of bacterial infections

can cause both short- and longer-term perturbations and scar-

ring of the microbiome in healthy human volunteers, resulting

in the prolonged increase in AR in healthy microbiomes. We

further refine the definition of antibiotic scarring, identifying resis-

tance genes that could be used to detect previous perturbation
Cell Reports 39, 110649, April 12, 2022 11
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through the expansion of broadly AR-resistant organisms.

Finally, we observed that AZM administration resulted in delayed

recovery and greater compositional distance by the end of the

study.

Further study and interventions are necessary to mitigate the

development of AR and better identify individuals at risk of

developing long-term negative effects after treatment. The ap-

proaches described in this work may be applicable for

measuring the impact of existing and newly developed antibi-

otics on the gut microbiome and resistome, with such perturba-

tion measures incorporated into antibiotic lead compound

selection and development (Jia et al., 2008; Andremont et al.,

2021). The long-term increase in resistance burden observed

in this study is an example of events that can push a low AR re-

sistome toward higher AR. With the continued development of

AR, novel methods to understand and prevent AR are necessary,

and these data form a resource for studying both the short- and

long-term effects of antibiotic perturbation on the healthy micro-

biome and resistome.
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Sequence Read Archive (SRA) bioproject: PRJNA664754

Short read metagenomic DNA from Microbiome
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Sequence Read Archive (SRA) bioproject: PRJNA703034

Critical commercial assays

Blood Agar Plate, 5% Sheep Blood in Tryptic Soy

Agar (TSA) Base, 15 3 100mm plate

Hardy Diagnostics Cat no. A10

BBE Agar, Bacteroides Bile Esculin, reducible, for

anaerobes, 15 3 100mm plate

Hardy Diagnostics Cat no. G05

MoBio (now Qiagen) DNeasy PowerSoil Pro Kit Qiagen Cat no. 47016

Nextera library prep Illumina Cat no. 20018704

Agencourt AMPure XP system Beckman Coulter Cat no. A63880

Quant-it PicoGreen dsDNA assay Invitrogen Cat no. P11496

Software and algorithms

The R Project for Statistical Computing https://www.r-project.org/ Version 4.0

MetaPhlAn Segata et al. (2012) Version 2; RRID:SCR_004915

HUMAnN Franzosa et al. (2018) Version 2; RRID:SCR_014620

ShortBRED Kaminski et al. (2015) Version 2

LEfSe Segata et al. (2011) Version 1; RRID:SCR_014609

MaAsLin Mallick et al. (2021) Version 2

Zibr Chen and Li (2016) Version 0.1

Dabestr Ho et al. (2019) Version 0.2.5
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Dr. Jennie H. Kwon (j.

kwon@wustl.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d Sequence data is stored as short-readmetagenomic sequences in the Sequence Read Archive (SRA) and are publicly available

as of the date of publication. Accession numbers are listed in the key resources table.

d This paper does not report original code.

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Institutional review of sample collection
Stool specimen collection was reviewed and approved by the Human Research Protection Office of Washington University in St.

Louis under IRB ID #: 201610071. ICU fecal specimens was reviewed and received a non-human subjects determination by the Insti-

tutional Review Board of Washington University in St. Louis IRB ID #: 201509022.
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Subject recruitment and microbiome sampling
Twenty healthy adults from the St. Louis, MO metropolitan area were recruited for the study. Subjects were eligible for the study

if they were between the ages of 21 and 60 and provided written, informed consent (Table S1). Subjects were not eligible if they

met any of the following exclusion criteria: history of allergic reaction or contraindication to any of the study antibiotics; not able

to provide regular fecal samples; any systemic antibiotic exposure in the previous 6 months; tube feeds in the previous

6 months; pregnant, risk of becoming pregnant, or breastfeeding during the study period; gastroenteritis in previous 3 months;

non-elective hospitalization in previous 12 months; incontinent of stool; known colonization with a MDRO; anticipated change

in diet or medications during the study period; elective surgery planned during the study period; history of an intestinal disorder;

or inability to provide written, informed consent. Care was taken to recruit a volunteer cohort with equal sex parity (see

Table S1).

After enrollment, subjects were interviewed about their medical history and underwent a physical exam. Subjects were randomly

assigned to receive a 5-day course of one of the following antibiotics: AZM, LVX, CPD, or CPD+AZM. Theywere directed to begin the

antibiotic on the appropriate day. Subjects sent back their empty pill bottles to confirm that all doses were taken. Study personnel

involved in patient recruitment, specimen collection and processing were blinded to treatment group.

Study personnel provided subjects with supplies for collecting clinical specimens. Subjects submitted fecal specimens to study

personnel at 15 time points throughout the study period (Table S2). Fecal samples from pre-specified time points underwent micro-

biologic culture upon receipt of the specimen (Table S2). All other specimens and remnant fecal specimens were frozen on the same

day they were provided. At each specimen submission point, subjects also completed questionnaires on bowel movement consis-

tency and frequency, diet, medications, and changes inmedical history. This study received approval from theWashington University

Human Research Protection Office. The ICU fecal specimens were convenience samples of remnant stool from the Clinical Micro-

biology Laboratory collected from 26 ICU inpatients who had diagnostic testing for Clostridioides difficile at Barnes-Jewish Hospital,

thus no clinical metadata was collected.

METHOD DETAILS

Semi-quantitative culturing
To provide an overall assessment of the aerobic and anaerobicmicrobial burden in the samples serial dilutions were plated to general

purpose aerobic and anaerobic culture media. For aerobic culture, �1g or 1mL of fecal waste was placed in a 2mL Nunc tube. An

equal amount of 13 PBS (1:1 dilution) was added and vortexed well to homogenize the sample. 10, 10-fold dilutions into PBS with

sample were then made. BAP plates (Hardy Diagnostics) were inoculated with 10mL and 100mL of each dilution respectively; a cross

streak pattern was used for the 10mL plate and a quadrant streak was used for the 100mL plate, and the plates were incubated in air

overnight at 35�C. After incubation, colonies on the 10mL plate were counted, and anything over 50 was recorded as ‘‘>50 colonies’’.

For the 100mL plate a semi-quantitative amount of growth was recorded (0,+1,+2,+3,+4) and a general physical description of the

colonies was recorded (e.g. mixed enteric flora, mixed gram positive flora, etc.). Sweeps of the plate were frozen in molecular grade

water and in TSB-glycerol. Samples were then stored at �80�C.
For anaerobic culture, a dilution series was created from fecal samples as just described. Similar aliquots of dilutions were inoc-

ulated onto 2 pre-reduced BBA (Hardy Diagnostics) plates and incubated at 35�C in an anaerobic chamber or anaerobic bag over-

night. Streaking methods were the same as just described.

DNA extraction and sequencing
Fecal samples were kept on dry ice while samples were chipped off and weighed to standardize the amount of fecal matter to be

extracted. Total gDNA was extracted from samples using a PowerSoil DNA isolation kit (MoBio). Lysis was conducted using a Mini-

beadbeater (Biospec Products). gDNA was stored at �20�C until sequencing library creation. Shotgun metagenomic sequencing

libraries were created using gDNA diluted to 0.5 ng/mL and the modifications to the Nextera library prep lot (Illumina) detailed in

Baym et al. (Baym et al., 2015). This generated�450 bp DNA fragments which were purified using the Agencourt AMPure XP system

(BeckmanCoulter) and quantified using theQuant-it PicoGreen dsDNA assay (Invitrogen). Samples were pooled onto lanes to ensure

�3M (23 150bp) reads per sample, and three technical replicates of this pooling process were quantified using the Qubit dsDNA BR

assay and then combined in equimolar concentrations to reduce stochastic error in read distribution during the sequencing process.

Samples were sequenced in Illumina NextSeq High-output sequencing machines at the Edison Family Center for Genome Sciences

and System Biology at Washington University School of Medicine in St. Louis.

Processing of illumina sequence data
Total reads were demultiplexed by barcode into individual sample sequence bins. The adapters and barcodes were removed by

Trimmomatic and simultaneously filtered for quality. Human reads were filtered using DeconSeq by mapping reads to the human

genome (GrCh38) (Schmieder and Edwards, 2011; Bolger et al., 2014). A minimum sample read depth of 2.5Mwas determined using

species and community resistance rarefaction curves generated with MetaPhlAn2 and ShortBRED (Kaminski et al., 2015; Truong

et al., 2015).
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Community taxonomy and resistome quantification and downstream analysis
Species composition was predicted using MetaPhlAn2 (Segata et al., 2012). Resistome composition in RPKM (reads per kilobase of

reference sequence per million sample reads) was estimated using ShortBRED based off a custom-built marker database including

the CARD database (Kaminski et al., 2015). Functional output of the microbiome was estimated using HUMAnN 2 (Franzosa et al.,

2018) and significant pathway enrichment was conducted using MaAsLin2 (Mallick et al., 2021). Species richness and diversity were

calculated using the R package vegan (version 2.5–6). Abundance and prevalence thresholding was conducted to exclude low abun-

dance, and thus low confidence, species. PCA ordination of patient trajectory trends over time computed on the euclidean distance

of species abundance tables. We used an abundance threshold of .01% and a prevalence threshold of 20% (of all healthy volunteer

samples) and 19% (of all ICU samples) to result in amedian loss of less than 10%overall relative species abundance abundance in all

taxonomic samples. Lefse analysis was conducted on the full, unthresholded metaphlan taxonomic abundance tables.

For the resistance analysis, we used an abundance threshold of .5% and a prevalence threshold of 20% (of all healthy volunteer

samples) and 5% (of all ICU samples) resulting in 70 highly variable genes across both datasets. Significance for longitudinal data

analysis of semi-quantitative culture, taxonomy, and resistome analysis was conducted using the paired Wilcoxon rank sum test

in R. Loess fitting of species richness recovery for antibiotic treatments was estimated using the base r loess function, and 100 in-

tervals were then imputed along the fit. The area under the curve was compared to a null distribution made from 999 random per-

mutations of the data using the SplinctomeR package (Shields-Cutler et al., 2018). Increases in specific resistance genes was tested

similarly using the SplinectomeR package, comparing the loess regression of a specific gene to a null distribution computed from

regressions of all other genes over time. Significance tests begin after first 5% of the regression to account for flying tails. Patient

samples were normalized to an average of their pre-antibiotic samples for each metric studied. 2D kernel density estimation of ill

and healthy density contours in PCA space were estimated using the MASS (version 7.3.51.6) R package and visualized in ggplot2

(version 3.3.1). Principle component analysis was conducted without Patient 2, as they did not submit most of their samples. LDA

effect size analysis was conducted in LEfSe (Segata et al., 2011) using standard parameters, antibiotic as a class, per sample normal-

ization, and one-against-all multiclass analysis. Results visualized using using LEfSe (Galaxy module) and GraPhlAn v0.9, respec-

tively (Segata et al., 2011; Asnicar et al., 2015). Commensals significantly associated with AZM delayed microbiome restoration

were identified using a zero-inflated two part mixed effects model using the zibr (version 0.1) R package (Chen and Li, 2016). Zibr

requires a complete dataset (no missing datapoints) so missing datapoints (5 of 209 datapoints) were imputed using the average

abundance of each species for the entire dataset (this imputation method was also used for the same 5 samples to create a complete

dataset for paired-mean compositional difference comparisons using dabestr). Patient 2, which did not submit most of the fecal sam-

ples, was not included. Heatmap of differences in ICU vs. healthy volunteer resistome was created using the pheatmap (version

1.0.12) package in R using the 70 most highly variable, log-transformed AR gene abundances in an averaged acute post-antibiotic

healthy volunteer profile (three time points immediately after cessation of antibiotics) and the ICU dataset, after filtering to remove

efflux pumps, low abundance markers, or genes not targeting one of the major antibiotic categories. Patient 2 was also removed

from this analysis due to lack of samples. Cluster analysis of samples used the ward.D2 clustering algorithm (Murtagh and Legendre,

2014) on the Euclidean distance computed from log transformedRPKMabundances of each resistance gene for all samples and then

sorted using the dendsort (version 0.3.3) R package. The longitudinal species diversity of the microbiomes of the three patients who

transitioned to an ill-like microbiome state was fit to a linear model and compared to the rest of the healthy patients; visualization was

created using ggplot2 (version 3.3.1). Longitudinal analysis of taxonomic and community resistance composition of within-patient

bray-curtis (computed using R package vegan version 2.5–6) sample dissimilarity was computed for all of a patient’s samples to

to an average of their pre-antibiotic microbial compositions. Then the paired mean difference of bootstrapped confidence intervals

between all timepoints was compared to the first using the dabestr (version 0.2.5) R package (Ho et al., 2019). Sequence data is

stored as short-read metagenomic sequences in the Sequence Read Archive (SRA); Healthy volunteer data is stored in bioproject:

PRJNA664754 while the ICU metagenomes are stored in bioproject: PRJNA703034.
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Supplementary Tables and Legends 

Figures 

PCA of the metagenomic samples from healthy volunteers and ICU cohort (Supplementary Figure S1) 

 

Supplementary Figure S1. PCA of the metagenomic samples from healthy volunteers and ICU cohort. Related to 
figures 1 and 5. Samples are colored by which antibiotic treatment group they were a part of, or whether they were 
samples from the ICU. Percentages on axes labels represent the amount of variation in the dataset explained by that 
axis. 
 
PCA of the antibiotic perturbance in metagenomic samples from healthy volunteers (Supplementary Figure 

S2) 



 
Supplementary Figure S2. PCA of the antibiotic perturbance in metagenomic samples from healthy volunteers. 
Related to figure 1. Samples are colored green to denote they were from either the CPD or CPD+AZM volunteers, 
and blue to denote they were from the LVX and AZM conditions. P values are from PERMANOVA tests between 
groups, and grey circles represent 95% CI ellipses. 
 
Distance between first and last sample versus cumulative traveled distance in PCA (Supplementary Figure 

S3) 



 
Supplementary Figure S3. Distance between first and last sample versus cumulative traveled distance in PCA. 
Related to figure 2. A. The difference in the cumulative distance traveled between slow and fast recovery groups 
after antibiotic treatment. NS means non-significant difference. B. The distance between first and last points of a 
volunteer’s microbiome samples in the FRG and SRG. * refers to a difference with a p value < 0.05 between the two 
groups. Tests were conducted via Student’s T-test on square root transformed distances.  
 
Delay in the increase in relative abundance of firmicutes after antibiotic treatment. (Supplementary Figure 

S4) 



 

Supplementary Figure S4. Delay in the increase in relative abundance of Firmicutes after antibiotic treatment. 
Related to figures 2 and 3.  Dots represent mean relative abundance of Firmicutes (red) versus Bacteriodetes (black) 
with bootstrapped confidence intervals. A loess regression was fit to these data (blue and red lines). Firmicutes mean 
relative abundance begins to increase at day 65, while Bacteriodetes decreases. 
 
 
Tables 

Demographics Table (Table S1). Related to STAR methods. 

Characteristics N (%) 
Female 10 (50) 
Race  
 White 17 (85) 
 African-American 2 (10) 
 Asian / Pacific Islander 1 (5) 
Hispanic 1 (5) 
Age (median [range]) 37 (24 – 59) 
Healthcare worker 6 (30) 
BMI (median [range]) 24 (18.5 – 51) 
 Normal  13 (65) 
 Overweight 4 (20) 
 Obese 3 (15) 
Special diet* 5 (25) 
 Vegetarian 2 (10) 
 Shrimp allergy 1 (5) 
 Gluten free 1 (5) 



 Not specified 1 (5) 
Pre-existing medical comorbidity 3 (15) 
 Hyperlipidemia 1 (5) 
 Glomerular thin basement membrane disease 1 (5) 
 Benign prostate hyperplasia and allergies 1 (5) 

*Vegetarian (2), shrimp allergy (1), gluten free (1), not specified (1) 

**Hyperlipidemia (1), Glomerular thin basement membrane disease (1), benign prostate hyperplasia and allergies 

(1) 

 

Sampling Times (Table S2). Related to STAR methods. 

Specimen Date Samples (n) Cultured 

Day 14 pre-ABX 20 yes 

Day 10 pre-ABX 20 no 

Day 7 pre-ABX 20 no 

Day 1 pre-ABX 19 yes 

Day 3  19 yes 

Day 6  19 yes 

Day 8 19 yes 

Day 12 20 yes 

Day 15 19 no 

Day 19 19 yes 

Day 35 19 yes 

Day 65 20 yes 

Day 95 17 no 

Day 125 19 no 

Day 185  20 yes 

 
Aerobic CFU change over time in healthy volunteer microbiomes after antibiotic perturbation (Table S3). 

Related to STAR methods. 

 



.y. group1 group2 p.adj 
(BY) 

p.signif method 

logCFU -14 -1 1 ns Paired 
Wilxocon 

logCFU -14 3 0.57 ns Paired 
Wilxocon 

logCFU -14 6 0.0074 ** Paired 
Wilxocon 

logCFU -14 8 0.26 ns Paired 
Wilxocon 

logCFU -14 12 0.0074 ** Paired 
Wilxocon 

logCFU -14 19 1 ns Paired 
Wilxocon 

logCFU -14 35 1 ns Paired 
Wilxocon 

logCFU -14 65 1 ns Paired 
Wilxocon 

logCFU -14 185 0.26 ns Paired 
Wilxocon 

 
Anaerobic CFU change over time in healthy volunteer microbiomes after antibiotic perturbation (Table S4). 

Related to STAR methods. 

 
.y. group1 group2 p.adj 

(BY) 
p.signif method 

logCFU -14 -1 1 ns Paired 
Wilxocon 

logCFU -14 3 1 ns Paired 
Wilxocon 

logCFU -14 6 0.0047 ** Paired 
Wilxocon 

logCFU -14 8 1 ns Paired 
Wilxocon 

logCFU -14 12 0.0047 ** Paired 
Wilxocon 

logCFU -14 19 1 ns Paired 
Wilxocon 

logCFU -14 35 1 ns Paired 
Wilxocon 

logCFU -14 65 1 ns Paired 
Wilxocon 

logCFU -14 185 0.095 ns Paired 
Wilxocon 

 
 

 

 



Metagenomic species change over time in healthy volunteer microbiomes after antibiotic perturbation (Table 

S5). Related to STAR methods. 

 
.y. group1 group2 p.adj 

(BY) 
p.signif method 

Specnum -14 -10 1 ns Paired 
Wilxocon 

Specnum -14 -7 1 ns Paired 
Wilxocon 

Specnum -14 -1 0.076 ns Paired 
Wilxocon 

Specnum -14 3 0.29 ns Paired 
Wilxocon 

Specnum -14 6 0.0052 ** Paired 
Wilxocon 

Specnum -14 8 0.0052 ** Paired 
Wilxocon 

Specnum -14 12 0.0144 * Paired 
Wilxocon 

Specnum -14 15 0.032 * Paired 
Wilxocon 

Specnum -14 19 0.21 ns Paired 
Wilxocon 

Specnum -14 35 0.19 ns Paired 
Wilxocon 

Specnum -14 65 0.76 ns Paired 
Wilxocon 

Specnum -14 95 1 ns Paired 
Wilxocon 

Specnum -14 125 0.51 ns Paired 
Wilxocon 

Specnum -14 185 0.76 ns Paired 
Wilxocon 

 
Resistance change over time in CPD, CPD+AZM, and AZM treated healthy volunteer microbiomes after 

antibiotic perturbation (Table S6). Related to STAR methods. 

.y. group1 group2 p.adj (BY) p.signif method 
ResNormBurden Pre-

average 
3 1 ns Paired 

Wilxocon 
ResNormBurden Pre-

average  
6 0.003 ** Paired 

Wilxocon 
ResNormBurden Pre-

average 
8 0.028 * Paired 

Wilxocon 
ResNormBurden Pre-

average  
12 0.003 ** Paired 

Wilxocon 
ResNormBurden Pre-

average  
15 0.003 ** Paired 

Wilxocon 
ResNormBurden Pre-

average  
19 0.002 ** Paired 

Wilxocon 



ResNormBurden Pre-
average  

35 0.002 ** Paired 
Wilxocon 

ResNormBurden Pre-
average  

65 0.019 * Paired 
Wilxocon 

ResNormBurden Pre-
average  

95 0.005 ** Paired 
Wilxocon 

ResNormBurden Pre-
average 

125 0.01 * Paired 
Wilxocon 

ResNormBurdens -14 185 0.003 ** Paired 
Wilxocon 

 
Biomarker identification table from metaphlan lefse results (Table S7). Related to STAR methods. 

 
Biomarker identification table from shortbred lefse results (Table S8). Related to STAR methods. 
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