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The infant gut resistome is associated with
E. coli and early-life exposures
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Abstract

Background: The human gut microbiome harbors a collection of bacterial antimicrobial resistance genes (ARGs)
known as the resistome. The factors associated with establishment of the resistome in early life are not well
understood. We investigated the early-life exposures and taxonomic signatures associated with resistome
development over the first year of life in a large, prospective cohort in the United States. Shotgun metagenomic
sequencing was used to profile both microbial composition and ARGs in stool samples collected at 6 weeks and 1
year of age from infants enrolled in the New Hampshire Birth Cohort Study. Negative binomial regression and
statistical modeling were used to examine infant factors such as sex, delivery mode, feeding method, gestational
age, antibiotic exposure, and infant gut microbiome composition in relation to the diversity and relative abundance
of ARGs.

Results: Metagenomic sequencing was performed on paired samples from 195 full term (at least 37 weeks’
gestation) and 15 late preterm (33–36 weeks’ gestation) infants. 6-week samples compared to 1-year samples had
4.37 times (95% CI: 3.54–5.39) the rate of harboring ARGs. The majority of ARGs that were at a greater relative
abundance at 6 weeks (chi-squared p < 0.01) worked through the mechanism of antibiotic efflux. The overall relative
abundance of the resistome was strongly correlated with Proteobacteria (Spearman correlation = 78.9%) and
specifically Escherichia coli (62.2%) relative abundance in the gut microbiome. Among infant characteristics, delivery
mode was most strongly associated with the diversity and relative abundance of ARGs. Infants born via cesarean
delivery had a trend towards a higher risk of harboring unique ARGs [relative risk = 1.12 (95% CI: 0.97–1.29)] as well
as having an increased risk for overall ARG relative abundance [relative risk = 1.43 (95% CI: 1.12–1.84)] at 1 year
compared to infants born vaginally.

Conclusions: Our findings suggest that the developing infant gut resistome may be alterable by early-life
exposures. Establishing the extent to which infant characteristics and early-life exposures impact the resistome can
ultimately lead to interventions that decrease the transmission of ARGs and thus the risk of antibiotic resistant
infections.
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Background
The overuse of antibiotics in medicine and agriculture
has contributed to the growing public health burden of
antimicrobial resistance [1]. Studies have identified sets
of antimicrobial resistance genes (ARGs) known collect-
ively as the resistome [2, 3] in animals, humans, and the
environment [4–6]. The human gut microbiome is a
critical reservoir of ARGs [7, 8], but differential acquisi-
tion and composition of ARGs in the beginning of life is
still largely unexplored.
Infants and young children are prescribed more antibi-

otics than any other age group [9, 10]. Multiple studies
have focused on understanding the role of early-life anti-
biotic exposures to the infant gut resistome noting en-
richment for ARGs that did and did not confer
resistance to the antibiotic prescribed [11–14]. More-
over, ARGs have been identified in infants’ first stools
following delivery and prior to any direct antibiotic ex-
posure [15–17]. The abundance of ARGs in the infant
gut has been shown to decrease with age [11, 15, 18, 19].
These findings have motivated studies to explore early-
drivers that shape the resistome beyond infant antibiotic
usage. Factors that have specifically been assessed in re-
lation to the infant gut resistome include age of the in-
fant [11, 18, 19], type of delivery [15, 20], breast versus
formula feeding [21], gestational age [11, 13, 21], and
intrapartum antibiotic usage [19]. Prior investigations
assessing how early-life factors impact the resistome
have focused on preterm infants [11, 13, 22] or were
based on small cohorts (< 50) of full term infants [8, 12,
14, 17–19]. The two largest studies in full-term infants
[15, 20] reported on the count and types of ARGs but
did not examine longitudinal changes in ARGs or early-
life factors associated with resistome development. This
has led to a gap in understanding how early-life factors
shape the resistome of full term infants.
Resistomic and taxonomic composition are intrinsic-

ally intertwined, but the extent to which early-life factors
shape the resistome via infant gut microbial composition
has not been established. Variation to ecological succes-
sional patterns of microbiome assembly has been ob-
served by our group and others in association with
gestational age [13], delivery mode [15, 20, 23, 24], feed-
ing mode [23, 25], intrapartum antibiotic exposure [13,
19, 20, 26–29], geographic diversity [30, 31], and anti-
biotic usage [11, 12, 30, 32]. As ARGs can be passed
horizontally between bacteria through mobile genetic el-
ements or vertically within the infant gut [11, 12, 19]
and differential infant characteristics impact the trajec-
tory of microbial composition [12, 15, 33], taxonomic
composition is an important factor to consider in con-
text to resistome development.
Despite the wide number of studies that have investi-

gated the resistome, no study has simultaneously

evaluated the independent effects of differential infant
exposures and microbiome taxonomic composition on
the resistome in a general population of infants. Our
study objectives were to fill two important gaps in the
epidemiology of human resistome development. First,
we aimed to establish the baseline composition of the
resistome at approximately 6 weeks and 1 year of life in a
general population United States birth cohort. Second,
we aimed to assess how early-life exposures, in conjunc-
tion and independently to microbial composition, affect
the infant gut resistome. We found that infant gut
microbiota harbored a greater relative abundance of
ARGs at 6 weeks than 1 year. A similar number of
unique ARGs were found at each time point, but the
types of ARGs varied considerably. Overall, differential
resistome composition was impacted by early-life expo-
sures including delivery mode, but was primarily driven
by taxonomic composition during the first year of life.

Results
Sample selection and baseline characteristics
We performed whole metagenome sequencing on stool
samples from infants enrolled in the New Hampshire
Birth Cohort Study (NHBCS) to profile the gut resis-
tome and microbiome. Our study consisted of infants
born between 2012 and 2017 who had a stool sample
collected at approximately 6 weeks and 12months of life.
From 238 infants with paired 6-week and 1-year sam-
ples, we excluded infants if one or both samples had
missing sample age, feeding mode, or intrapartum anti-
biotic exposure data. This resulted in a total of 420 stool
samples from 210 infants. Of these, 195 (92.9%) infants
were born full term (at least 37 weeks’ gestation) and 15
(7.1%) were born late preterm (33–36 weeks’ gestation)
(Table 1). Infants commonly were vaginally delivered
(n = 152; 72.4%) and slightly more than half were ex-
posed to intrapartum antibiotics (n = 115; 54.8%). The
majority of infants who were vaginally delivered and re-
ceived intrapartum antibiotics (n = 63) were given
penicillin-like antibiotics (n = 41; 65%) while the majority
of women receiving intrapartum antibiotics for a
cesarean birth (n = 52) received cephalosporins (n = 34;
65%). Most infants (93.8%) were ethnically of European
Ancestry and White race which reflects the underlying
study population in the surrounding rural northern New
England community. No covariate analyzed was associ-
ated with analysis using single or paired-end reads (Add-
itional File 2: Table S1).

Descriptive overview of the resistome and microbiome
Using ShortBRED [34], we profiled ARGs using markers
for ARGs derived from shortened proteins stored in the
Comprehensive Antibiotic Resistance Database (CARD)
[35]. Our primary outcomes were the number of unique
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ARGs and the overall relative abundance of ARGs in
reads per kilobase of reference sequence per million
sample reads (RPKM). The prevalence, mean, and me-
dian values for all ARGs profiled (n = 887) were calcu-
lated across all samples and among samples with the
gene present (Additional File 2: Table S2). Table S2 also
includes information on the predicted pathogenic spe-
cies origin, resistance mechanism, and associated drug
classes of each ARG marker. 359 different ARG markers
were identified in the 420 samples and 241 were identi-
fied in at least 1% of samples. There was a median of 77
(interquartile range: 45–94) unique ARG markers per
sample and all samples had at least 7 unique ARG
markers (Additional File 1: Fig. S1a). Total median
(interquartile range) relative abundance of ARG markers
was 1086 (570–2459) RPKM.
Resistome relative abundance and composition dif-

fered in the 6-week and 1-year samples. The overall rela-
tive abundance of ARGs was significantly higher at 6
weeks than 1 year (Fig. 1a; Additional File 1: Fig. S1b).
Many differentially abundant ARG markers by postnatal
age of the infant were related to antibiotic efflux (Add-
itional File 1: Fig. S2). The most commonly identified
(94.3% prevalence) ARG marker for 6-week samples was
Enterobacter cloacae acrA [Antibiotic Resistance Ontol-
ogy (ARO): 3004042], a resistance-nodulation-cell-div-
ision antibiotic efflux pump. tetO (ARO: 3000190) was
most commonly found in 1-year samples (97.6%).
Through assessing the resistome compositionally, we
identified that 6-week samples had a more even disper-
sion of unique ARGs while 1-year samples mainly were
composed of 1 or 2 dominant ARGs (Fig. 1b). Specific-
ally, 1-year samples had a high relative abundance of ei-
ther tetO, tetW (ARO: 3000194), or tetQ (ARO:
3000191) which confer resistance to tetracycline antibi-
otics, along with dfrF (ARO: 3002867) which confers re-
sistance to diaminopyrimidine antibiotics and CfxA6
(ARO: 3003097) a beta-lactamase gene conferring

Table 1 Baseline Characteristics of Paired Infant Samples
(n = 210)

Infant Characteristics

Infant Sex (%)

Female 89 (42.4)

Male 121 (57.6)

Infant Race (%)

White 197 (93.8)

Other 13 (6.2)

Feeding Mode at 6-Week Sample (%)

Breast fed 157 (74.8)

Formula fed 7 (3.3)

Combination 46 (21.9)

Feeding Mode at 1-Year Sample (%)

Breastfed 70 (33.3)

Formula fed 7 (3.3)

Combination 133 (63.3)

Antibiotics During Initial Hospitalization (%)

No 203 (96.7)

Yes 7 (3.3)

Gestational Age at Birth in Weeks [Mean (SD)] 39.05 (1.56)

Birth Weight in Grams [Mean (SD)] 3414 (507)

Age at 6-Week Sample Collection in Days [Mean (SD)] 46.78 (18.44)

Age at 1-Year Sample Collection in Days [Mean (SD)] 375.32 (35.69)

Maternal Characteristics

Delivery Mode (%)

Vaginal 152 (72.4)

Cesarean section 58 (27.6)

Prenatal Antibiotics Prior to Delivery (%)

No 157 (74.8)

Yes 39 (18.6)

Missing 14 (6.7)

Group B Streptococcus Positive (%)

No 137 (65.2)

Yes 68 (32.4)

Missing 5 (2.4)

Parity (%)*

Nulliparous 104 (49.8)

One 72 (34.4)

At least two 33 (15.8)

Table 1 Baseline Characteristics of Paired Infant Samples
(n = 210) (Continued)

Intrapartum Antibiotic Exposure Class** (%)

None 95 (45.2)

Penicillin 43 (20.5)

Cephalosporin 43 (20.5)

Multiple 25 (11.9)

Other 4 (1.9)

*One mother was missing parity status
**Infants were grouped according to intrapartum antibiotic exposures using
the following categories: no antibiotics; penicillin-like antibiotics only
(amoxicillins, penicillins); cephalosporins only (cefazolin, cephalexin); multi-
drug classes (two or more antibiotics characterized as penicillin, cephalosporin,
vancomycin, clindamycin, and/or gentamicin); or “other” antibiotics such as
aminoglycosides, glycopeptides, or lincomycin
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resistance to cephamycin. The overall relative abundance
in RPKM of ARGs conferring resistance to tetracycline,
however, was greater in 6-week samples as compared to
1-year samples. The predicted pathogenic resistome ori-
gins for tetO and tetW are from a variety of gram-
positive and negative bacteria including Enterococcus
spp. and Klebsiella spp. tetQ’s predicted resistome origin
via CARD is only from Acinetobacter baumannii and
Enterobacter hormaechei. However, previous research
has found tetQ in a variety of other gram-positive and
negative organisms, but is commonly identified in Prevo-
tella [36] and Bacteroides [36, 37].
To determine the influence of microbial composition

on resistome composition, we taxonomically profiled the
infant stool samples using MetaPhlAn2 [38]. Previous
research has identified Proteobacteria and E. coli relative
abundance to be associated with ARG relative abun-
dance [13, 15, 19, 39, 40]. Likewise, certain ARGs that
we also profiled including acrF, mdth, mdtE, tolC, and
acRb have previously been associated with Escherichia/
Shigella in infants [14]. Thus, based on prior research
and visually identifying Proteobacteria to be correlated
with the relative abundance of the resistome (Fig. 1c),
we focused on this taxon as a potential mediator be-
tween infant characteristics and resistome composition.

The resistome is driven by early-life factors
After profiling resistomic and taxonomic composition,
we aimed to explore which covariates and early-life fac-
tors may impact resistome development. We used nega-
tive binomial regression to assess how delivery mode,
feeding mode, intrapartum antibiotic exposure, sex, and
initial antibiotic exposure during hospitalization, con-
trolling for log10-number of reads, impacted the count of
unique ARG markers (Additional File 2: Table S3). Sam-
ple age (6-week vs. 1-year) was not associated with
unique ARGs (relative risk = 0.99; 95% CI: 0.9–1.08).
Nonetheless, we stratified the remainder of our results
because we hypothesized that, since different types of
ARGs were present at 6 weeks and 1 year, covariates and
early-life factors may be differentially associated at each
time point. Cesarean delivery, as compared to vaginal
delivery, was associated with a differential risk of having
unique ARGs but in different directions at 6 weeks and
1 year. Cesarean section delivered infants had a de-
creased risk [0.84 (95% CI: 0.72–0.99)] at 6 weeks and
yet an increased risk [1.12 (95% CI: 0.97–1.29)] at 1 year
of having unique ARGs compared to vaginally delivered
infants. Compared to exclusive breastfeeding at 6 weeks,
any formula feeding exposure was associated with an in-
creased risk of having diverse ARGs [relative risk = 1.29
(95% CI: 0.92–1.89) for infants formula fed exclusively
and relative risk = 1.13 (95% CI: 0.97–1.33) for combin-
ation fed infants] with the opposing trend at 1 year

[relative risk = 0.74 (95% CI: 0.54–1.04) for infants for-
mula fed exclusively; relative risk = 0.81 (95% CI: 0.72–
0.92) for combination fed infants]. Although males had
no differential risk of harboring a unique number of
ARGs at 6 weeks compared to females, at 1 year males
had a decreased risk [relative risk = 0.84 (95% CI 0.75–
0.95)] of harboring unique ARGs.
In addition to profiling how covariates and early-life

factors may contribute to different types of ARGs, we
also assessed how these factors impacted the overall
relative abundance of the resistome. In negative binomial
regression analyses assessing total RPKM of ARG
markers, we found that 6-week samples harbored a
higher relative abundance of ARGs compared to 1-year
samples. After adjustment for delivery mode, feeding
mode, initial antibiotic exposure after hospitalization,
intrapartum antibiotic exposure, gestational age, and sex,
6-week samples, as compared to 1 year samples, had
4.37 times (95% CI: 3.54–5.39) the rate of harboring
ARG markers (Additional File 2: Table S4). At 6 weeks,
male infants had 1.41 times (95% CI: 1.02–1.94) the rate
of harboring ARGs compared to females but there was
no sex difference at 1 year. At one year, antibiotic expos-
ure during initial hospitalization (n = 7) was associated
with an overall lower risk of harboring ARGs compared
to infants not given these antibiotics [relative risk: 0.41
(95% CI: 0.23–0.78)]. Infants exposed to penicillin-like
intrapartum antibiotics had a 1.48 (95% CI: 1.10–2.00)
times greater risk of harboring ARGs at 1 year compared
to infants not exposed to intrapartum antibiotics. How-
ever, once we removed two 1-year samples that were
considered outliers (RPKM of ARGs > 10,000), there was
no association between penicillin exposure and relative
abundance load of ARGs (Additional File 2: Table S5)
but there was an association between resistome relative
abundance and cesarean section [relative risk = 1.43
(95% CI: 1.12–1.84)]. To explore the interaction between
intrapartum antibiotic exposure and delivery mode, we
categorized the 210 infants into four groups: (1) vaginal
delivery and no intrapartum antibiotic exposure (n = 89),
(2) vaginal delivery and intrapartum antibiotic exposure
(n = 63), (3) cesarean delivery and no intrapartum anti-
biotic exposure (n = 6), and (4) cesarean delivery and
intrapartum antibiotic exposure (n = 52). With the inclu-
sion of the two outliers, groups (2) and (4), which both
had intrapartum antibiotic exposure, were both inde-
pendently associated with harboring higher quantities of
ARGs [relative risk = 1.30 (95% CI: 0.99–1.70) and rela-
tive risk = 1.54 (95% CI 1.16–2.07)] relative to group (1).
Without inclusion of the outliers which both occupied
group (2), only group (4) remained statistically signifi-
cant [relative risk = 1.51 (95% CI: 1.16–1.96)]. Additional
sensitivity analysis restricted to vaginal delivery sug-
gested a similar trend; intrapartum antibiotics was not
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independently a risk factor for ARG load. Feeding mode
was not statistically significant at either time point.
After assessing overall measures of the resistome and

determining differences by covariates and early-life fac-
tors, we hypothesized that these factors may be associ-
ated with the relative abundance of each unique ARG
marker. We used MaAsLin2 [41] to test if the relative
abundance of ARGs varied by covariates and early-life
exposures (Additional File 2: Table S6). We found ARGs
associated primarily with postnatal age of the infant. A
statistically significant majority (chi-squared test p <
0.01) worked through the mechanism of antibiotic efflux
(Fig. 2). The only early-life factor that was strongly asso-
ciated with specific unique ARG markers was delivery
mode. ARG markers associated with increased relative
abundance in infants delivered via cesarean section were
E. cloacae acrA, CRP (ARO: 3000518), and sdiA (ARO:
3000826) all of which encode resistance-nodulation-cell
division antibiotic efflux pumps. Additionally, Escheri-
chia coli soxS with mutation conferring antibiotic resist-
ance (ARO: 3003511), E. coli UhpT with mutation

conferring resistance to fosfomycin (ARO: 3003890), and
E. coli rpoB mutants conferring resistance to rifampicin
(ARO: 3003288), were identified and are linked to a var-
iety of pathogenic species [35].

Resistome composition is impacted by early-life factors
primarily via E. coli
We hypothesized that certain species within the Proteo-
bacteria phylum would be correlated with our overall
resistome outcomes. The only species we determined to
be strongly correlated (Spearman correlation > 0.5) with
either outcome were Escherichia unclassified and Escher-
ichia coli. Based on this initial result and previous re-
search that has linked E. coli to ARG abundance [13, 19,
40], we decided to focus on this species.
To directly determine the association between E. coli

and Proteobacteria with overall resistome outcomes, we
plotted the relative abundance of each versus the resis-
tome overall relative abundance (Fig. 3a and Fig. 3b) and
number of unique ARGs (Fig. 3c and Fig. 3d) from all
420 samples. We found that the overall relative

Fig. 1 Composition of the resistome and microbiome in 420 infant gut samples. All samples are ordered by increasing sample age at collection
and the black vertical lines demarcate the 6-week samples from the 1-year samples. (a) Overall relative abundance (in RPKM) of the 10
antimicrobial resistance genes with the greatest mean abundance across all samples. (b) Compositional relative abundance of the 10
antimicrobial resistance genes with the greatest mean compositional abundance across all samples. (c) Compositional relative abundance of
Proteobacteria. For (a) and (b), antimicrobial resistance genes are colored red if they are tet genes and blue or purple otherwise
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abundance of the resistome was correlated with Proteo-
bacteria (78.9%) and E. coli (62.2%) relative abundance.
Specifically for Fig. 3b, the samples with high Proteobac-
teria relative abundance and high ARG relative abun-
dance were samples with high E. coli relative abundance.
The relative abundance of E. coli had a 78.1% correlation
with the number of unique ARGs, but only 44.2% correl-
ation with Proteobacteria relative abundance. Unlike Fig.
3a, the association shown in Fig. 3c is not linear (i.e., no
positive or negative association). Instead, we found a
change point when the relative abundance of E. coli is
0.0038 (95% bootstrap CI: 0.0026, 0.0053). This indicates
that E. coli relative abundance and the number of unique
ARGs are positively associated (p-value < 0.001) when E.
coli relative abundance is less than 0.0038. However,
after E. coli relative abundance reaches this threshold (~
0.4%) in the infant gut microbiome, it is not positively
associated with the number of unique ARGs (p-value <
0.001). In other words, once the relative abundance of E.
coli reaches 0.0038, a minimum number of ARGs is
reached (43 unique ARGs) and there is no positive asso-
ciation between increasing relative abundance of E. coli
and the number of unique ARGs.
Between sample (beta) resistome diversity using cen-

tered log-ratio (CLR) transformed ARG relative abun-
dance and principal component analysis (PCA) was used
to further understand which covariates or taxa were as-
sociated with the dispersion of samples’ resistome com-
positions. The PCA was described by two main principal
components explaining 31.1 and 10.2% of the variation
respectively. Upon visual inspection, we found that in-
fant age was associated with principal component 2. In
an attempt to understand the bimodal distribution of
unique ARG markers (Additional File 1: Fig. S1a), we
colored the PCA by the number of unique ARGs. The
coloring aligned with the horizontal of principal compo-
nent 1 sample separation (Fig. 4a). We were interested
in assessing the underlying mechanisms for this disper-
sion including which factors led to variance in the num-
ber of unique ARG markers, so we considered the
impact of E. coli relative abundance and early-life fac-
tors. Consistent with the results of the scatterplots asso-
ciating E. coli relative abundance with other resistome
outcomes (Fig. 3a and c), we found that E. coli relative
abundance best described the dispersion patterns in the
PCA (Fig. 4b). This aligns with our threshold regression
that identified a strong association between the relative
abundance of E. coli and the number of unique ARGs
before the relative abundance of E. coli reached the
change point of 0.0038. To statistically test whether E.
coli composition described the dispersion of resistomes
across samples, we conducted a PERMANOVA on the
resistome composition adjusting for CLR-transformed
relative abundance of E. coli, covariates, early-life factors,

and individual variation. We found the relative abun-
dance of E. coli to be associated with 24.7% of the vari-
ation of the relative abundance of the resistome. In
comparison, each individual’s resistome described 35.3%
of the variation. Additionally, sample age described 5.0%
of the variation and feeding mode 2.4%, but no other
factor described more than 1% of the variation (Add-
itional File 2: Table S7).
To further explore how E. coli relative abundance may

affect the relative abundance of ARGs, we plotted each
sample against the 50 ARGs with the highest mean rela-
tive abundance across all samples using a heat map.
Samples clustered mostly by the number of unique ARG
markers and CLR-transformed E. coli abundance (Fig. 5).
Of the 50 ARGs that had the greatest mean relative
abundance, CARD listed E. coli as a potential species of
origin in 36 of them (72%). Samples in cluster 4 had the
highest relative abundance of E. coli, indicating a pattern
of ARGs (from pmrE to PmrC) associated with E. coli
relative abundance. We investigated the two clusters that
encompassed the low ARG and E. coli relative abun-
dance: (1) and (6). Cluster 1 (n = 95 samples) primarily
consisted of 1-year samples (79/95 or 83%), and cluster
6 (n = 72 samples) primarily consisted of 6-week samples
(67/72 or 93%), but, out of the 167 samples in the two
clusters, only 48 samples were a paired 6-week sample
from cluster 6 with a 1-year sample from cluster 1 indi-
cating limited infant overlap. Interestingly, cluster 6 had
a high relative abundance of Proteobacteria and ARGs
including CRP and sdiA that were not in high abundance
in Cluster 1. This indicates that, at least for Cluster 6,
these ARGs may derive from a Proteobacteria other than
E. coli. As the 7 ARGs on the far right of the heat map
have distinct profiles from the other ARGs and are in
low abundance in cluster 6 which had a high relative
abundance of Proteobacteria, we hypothesize that the or-
igins of these 7 ARGs including tetO and tetQ derive
from a phylum other than Proteobacteria. Similar pat-
terns were discernible when plotting the ARGs based on
their prevalence (Additional File 1: Fig. S3). For in-
stance, samples clustered primarily by E. coli relative
abundance and the number of ARG markers per sample.
Likewise, many ARGs across both heat maps clustered
together including tetQ, tetO, and dfrF as well as emrR
(ARO: 3000516), CRP, and E. cloacae acrA.
To test if microbiome or resistome composition pro-

gressed asymmetrically due to early-life exposures, we
took advantage of the paired sample design and tested if
CLR-transformed relative abundance of ARGs, number
of unique ARGs, or CLR-transformed relative abundance
of E. coli was differential between the two time points.
Using adjusted linear regression models, we found that
cesarean section delivered infants had on average 18.5
(4.6–32.4) additional unique ARG markers that
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increased from 6 weeks to 1 year compared to vaginally
delivered infants (Additional File 1: Fig. S4a). Infants
born by cesarean section also had on average 4.1 (95%
CI: 1.7–6.4) units higher CLR-transformed relative abun-
dance of E. coli compared to vaginally born infants
(Additional File 1: Fig. S4b; Additional File 2: Table S8).
This was not a result of differential sample collection
ages between the 6-week and 1-year time points by de-
livery mode. These results suggest that cesarean delivery
may be associated with differential acquisition of E. coli
over time which may lead to increased relative abun-
dance of ARGs.
Since we found E. coli to be strongly correlated with

the number of ARG markers and early-life exposures,
we hypothesized that early-life factors proliferate E. coli
strains with unique genes. We used PanPhlan [42] to de-
termine if the dominant strain of E. coli for each sample
had different types of genes due to any early-life expos-
ure. A PCA and heat map revealed that the gene pres-
ence/absence matrix separated into three groups
predominantly based on the number of genes present

and absent (Additional File 1: Fig. S5a). The first princi-
pal component of the strain analysis described 51.2% of
the variation and was visually determined to be the total
number of genes present and not related to any covari-
ates (Additional File 1: Fig. S5b). A logistic regression
analysis assessing sample age, feeding mode, mode of de-
livery and intrapartum antibiotic exposures, and number
of reads (with gene presence/absence as the outcome)
identified one gene to be statistically significantly associ-
ated with increased presence in 1-year samples after a
multiple hypothesis correction (q < 0.1). A BLAST search
of the gene using the Kyoto Encyclopedia of Genes and
Genomes (KEGG) revealed it was a 23S ribosomal RNA
gene. Mutations within 23S ribosomal RNA are associ-
ated with different types of antibiotic resistance (ARO:
3000336). As this gene was only associated with sample
age, this finding suggests that no individual ARG within
the E. coli pangenome was independently associated with
early-life exposures beyond postnatal age in our dataset.
Lastly, we assessed if mobile genetic elements (MGEs)

were associated with infant characteristics and E. coli

Fig. 2 The relative abundance of antimicrobial resistance genes is different at 6 weeks and 1 year. MaAsLin2 was used to test if the compositional
relative abundance of ARGs varied by postnatal age of the infant, delivery mode, feeding mode, gestational age at birth, infant sex, and antibiotic
use during the infant’s initial hospitalization. Using a multiple hypothesis correction [Benjamini-Hochberg q < 0.01], 81 antimicrobial resistance
genes were differentially abundant between the 6-week and 1-year time points. Antimicrobial resistance genes are colored by mechanism of
antibiotic resistance (antibiotic efflux or not) with a greater proportion of genes that work through antibiotic efflux at 6 weeks (chi-square
test p < 0.01)
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relative abundance. Using results from HUMAnN2, we
identified three MGEs related to transposition (GO:
0004803 [molecular function] transposase activity; GO:
0006313: [biological process (BP)] transposition, DNA-
mediated; and GO:0032196 [BP] transposition) and one
related to plasmid maintenance (GO: 0006276 [BP]). We
tested each MGE versus infant characteristics and early-
life factors using MaAsLin2. We found that all of the
MGEs were statistically significantly associated with
sample age with transposase activity and DNA-mediated
transposition at a greater relative abundance at 1 year
while transposition and plasmid maintenance were at a
greater relative abundance at 6 weeks (Additional File 2:
Table S9). For plasmid maintenance in particular, E. coli

was an important contributor to the MGE’s relative
abundance (Additional File 1: Fig. S6).

Discussion
In this prospective cohort study of paired 6-week and 1-
year stool samples from 210 infants, we characterized
the developing infant gut resistome and determined
which factors affect its composition. Results from this
resistome epidemiology study align with previous stud-
ies; postnatal age of the infant and taxonomic compos-
ition drive both individual ARGs and overall resistome
composition but other factors play a role either directly
or indirectly including delivery mode, feeding method,
and sex. Overall, our results provide insight into the

Fig. 3 Scatterplots show the association between highly correlated taxa and overall resistome outcomes across 6-week and 1-year samples. Plots
(a) and (b) depict the overall relative abundance of the resistome in RPKM versus the relative abundance of E. coli and Proteobacteria with high
correlation. The number of unique antimicrobial resistance genes was most correlated with the relative abundance of E. coli (c) and less
correlated with Proteobacteria relative abundance (d). Fig. 3a and c are colored by the relative abundance of Proteobacteria and Fig. 3b and d
are colored by the relative abundance of E. coli
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acquisition and development of ARGs in a general popu-
lation cohort of infants.

The infant gut resistome changes primarily in relation to
the microbiome
The infant gut resistome samples profiled at 6 weeks
were different than those profiled from the same infants
at 1 one year of age, which we primarily attribute to
shifts in microbial composition. We found a higher rela-
tive abundance of ARGs at 6 weeks than 1 year. This
finding agrees with other studies analyzing the resistome
that have found greater relative abundances of ARGs in
younger infants compared to young children or adults
[11, 15, 18, 19]. Additionally, although we did not iden-
tify a difference in the observed number of unique ARGs
across the two time points, the types of ARGs varied.
These trends occurred in parallel to the taxonomic com-
position development within the infant gut. Specifically,
the 6-week samples had a high relative abundance of
Proteobacteria compared with 1 year samples. In our
study, the relative abundance of both E. coli and Proteo-
bacteria were highly correlated with the composition of
the resistome.
Our findings agree with other studies that have identi-

fied Proteobacteria [13, 15, 19, 39, 40] and specifically E.
coli [13, 19, 40] as significant sources of ARGs. While
we cannot directly assess causation, we found that spe-
cific ARGs, clusters of ARGs, the overall relative abun-
dance of ARGs, and the number of unique ARGs were
all associated with E. coli or Proteobacteria. While it
could be argued that these results are a consequence of
identified ARGs, it is worth noting that studies across
different species and ecosystems using qPCR or
assembly-based methods have also identified that

Proteobacteria harbor a proportionately high level of
ARGs [43, 44]. Additionally, although E. coli are com-
monly found in low abundance within the human gut
and are recognized as early colonizers of the infant gut,
microbial dysbiosis can lead to Proteobacteria and E. coli
blooms presenting increased opportunities for horizontal
gene transfer of ARGs [45, 46]. As E. coli contain a high
diversity of plasmids and high potential for horizontal
gene transfer [46], this is a particular concern. Two re-
cent papers [14, 19] did not directly identify an associ-
ation between any specific MGE and E. coli in the infant
gut, but do provide additional context that support this
study’s findings. Of particular interest, one study found
that E. coli relative abundance was associated with an in-
creased ARG relative abundance and that plasmids and
other MGEs were at a higher relative abundance in in-
fant guts at 1 month as opposed to 6 months [19]. Both
studies also found MGEs to be at a greater abundance in
infants as opposed to mothers [14, 19]. This notion that
E. coli is important to the resistome and mobilome is
also supported by the results of our MGE analysis as
MGE relative abundance was associated with E. coli-spe-
cific contributions especially regarding plasmid mainten-
ance. Future studies with additional timepoints before 1
year could evaluate in detail the dynamics of E. coli
abundance in the gut and how they relate to the devel-
opment of the gut resistome over time. Findings from
these studies could provide insight on E. coli susceptibil-
ity patterns to available antibiotics in early life and could
be used to evaluate appropriate empiric regimens to
early-life infections and bacteremia. For instance, as both
Group B Streptococcus and E. coli are leading causes of
neonatal sepsis [47, 48], it is becoming increasingly im-
portant to assess how intrapartum antibiotic prophylaxis

Fig. 4 Infant gut sample resistomes are correlated with E. coli relative abundance. Principal component analysis (PCA) of centered log-ratio
transformed relative abundance of infant gut resistomes colored by (a) the number of unique antimicrobial resistance genes and (b) centered
log-ratio transformed E. coli relative abundance. Samples collected at approximately 6 weeks are represented as filled-in circles while samples
collected at approximately 1 year are noted with triangles
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for preventing Group B Streptococcus infections may
affect ARGs in E. coli and lead to antibiotic resistant E.
coli infections.

Delivery mode and not intrapartum antibiotic exposure
contributes to resistome alterations
Intrapartum antibiotic exposure and delivery mode have
previously been rarely explored in full term infant gut
resistome epidemiology. Only one study [19] has specif-
ically assessed intrapartum antibiotic exposure on ARGs
in infant stool. The study included 16 vaginally deliv-
ered, full term (at least 37 weeks’ gestation) infants
assessed at approximately 1 and 6months. They found

that intrapartum antibiotic exposure did not impact
overall resistome composition although some ARGs [in-
cluding dfrE, efrA, and lsa(A)] profiled were at a higher
abundance among infants in the exposed group. We did
not find evidence that any ARG was at a higher relative
abundance after adjustment for other covariates and
after accounting for possible false positives through mul-
tiple hypothesis correction. Differences between studies
may be a result of varying sample age measurement; dif-
ferential measurement of taxa and genes; variation in the
dose, duration, and type of intrapartum antibiotic ad-
ministered; or differential sensitivities to intrapartum an-
tibiotics that vary by study population.

Fig. 5 Heat map showing the 50 most abundant antimicrobial resistance genes (ARGs) by mean relative abundance. ARG (x-axis) relative
abundances in RPKM have been log10-transformed and clustered by specific features of the samples (y-axis) including sample age, E. coli relative
abundance, Proteobacteria relative abundance, delivery mode, and the number of unique ARGs per sample. ARGs are clustered by the Euclidean
distance and samples are clustered using the Canberra distance. Hierarchical clustering of samples was used to determine 8 clusters as indicated
by the numbers to the right of the heat map
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Delivery mode has also been associated with differen-
tial resistome load. One study [15] found that infants
that were vaginally delivered had a lower proportion of
ARGs (as a fraction of the overall number of genes) in
their samples compared to cesarean delivered infants in
newborn, 4-month, and 12-month stool samples. We
found that 6 ARGs were at an increased relative abun-
dance in infants born via cesarean delivery as compared
to those delivered vaginally. These genes have been iden-
tified in sequences of Salmonella enterica, E. coli, and
pathogens often associated with nosocomial transmis-
sion including some Enterobacter spp. and Klebsiella
pneumoniae [35]. All of these ARGs also clustered to-
gether in Fig. 5. Of particular interest were the samples
in cluster 6. This cluster of mainly 6-week samples had
low E. coli relative abundance but high levels of Proteo-
bacteria relative abundance. Based on the ARG and
taxonomic patterns outlined in this group, it seems likely
that these 6 ARGs, at least for infants in cluster 6,
mainly derived from Proteobacteria other than E. coli.
Additionally, this cluster had low ARG relative abun-
dances for 7 ARGs that clustered together which we
hypothesize came from non-Proteobacteria. As some of
these 7 ARGs could have derived from Bacteroides and a
significant portion of infants born by cesarean delivery
have been shown to have a distinctly lower relative
abundance of Bacteroides [12, 15, 20, 23], we
hypothesize that the ARG clustering for infants in clus-
ter 6 might be representative of a low-Bacteroides resis-
tome. This hypothesis aligned with the taxonomic data;
the mean relative abundance of Bacteroides was statisti-
cally significantly different (t-test p-value < 0.001) when
comparing Cluster 6 samples to samples in other clus-
ters. The mean relative abundance of Bacteroides in
Cluster 6 was 6.5% versus 12.4% in the other clusters.
Although there is variation in microbial succession re-
gardless of delivery mode, cesarean section as shown in
this study and others [12, 15, 20] can alter the timeline
of taxonomic development within the infant gut. Thus,
our conclusion is that cesarean section likely impacts
resistome composition directly and indirectly via alter-
ations to the succession of microbes in the infant gut.
Studies often have not been powered to tease apart

intrapartum antibiotic exposure from other exposures
that occur concomitantly at delivery including gesta-
tional age and delivery mode. This has contributed to in-
consistent results regarding the independent impacts of
intrapartum antibiotic exposure. Although our analysis
of overall resistome load at 1 year (n = 210) found that
intrapartum antibiotic exposure to penicillin was associ-
ated with an increased risk of harboring ARGs, upon
sensitivity analyses to remove 2 infants with RPKM of
ARGs greater than or equal to 10,000 at 1 year, this re-
sult no longer persisted. Further analyses reclassifying

intrapartum antibiotic exposure and delivery mode into
four groups suggested only the combination of cesarean
delivery and intrapartum antibiotic exposure to be asso-
ciated with an increased rate of harboring ARGs. While
it is possible a positive association between intrapartum
antibiotic exposure and the overall relative abundance of
ARGs may exist only in infants that are born by cesarean
section (i.e., cesarean section is an effect modifier), we
hypothesize cesarean section to be the more important
factor driving the increased relative abundance of ARGs
for several reasons. First, it is worthwhile to note that
the two 1-year samples that were removed had a high
relative abundance of E. coli (21 and 41% respectively)
compared to the average among 1 year samples (1.3%
not including the outliers). This may be suggestive of an
E. coli bloom prior to or during sample collection for
these two infants. While we cannot assess if the associ-
ation between the high E. coli relative abundance in
these two samples is related to intrapartum antibiotic
exposure, we hypothesize that sudden increases to E. coli
relative abundance at 1 year are likely not directly due to
at-birth exposures but more likely to be a result of a
short-term perturbation. Second, across multiple ana-
lyses, we identified positive associations between
cesarean delivery and the resistome, but never with
intrapartum antibiotics regardless of the antibiotic type.
Lastly, in sensitivity analyses limited to infants who were
delivered vaginally or by cesarean section, we found no
association between intrapartum antibiotic exposure and
overall relative abundance of ARGs. Additional studies
that have more infants that were born via cesarean deliv-
ery but not exposed to intrapartum antibiotics (e.g., in
cohorts such as the Microbiome Utrecht Infant Study
where mothers were not given antibiotics until after the
umbilical cord was clamped [24]) could be used to valid-
ate this conclusion. Since there was only a small number
(n = 6) of infants who were delivered by cesarean section
but did not receive intrapartum antibiotics in this study,
this likely precluded our ability to statistically signifi-
cantly detect the independent exposure of cesarean sec-
tion. The higher ARG relative abundance in cesarean
delivered infants could be due to the environment of the
operating room, preferential colonization from skin as
opposed to vaginal microbes, differences in mothers or
infants who are born by cesarean delivery, or potentially
a synergistic interaction between intrapartum antibiotics
and cesarean delivery.

Other covariates and early-life factors may alter the
trajectory of the microbiome and indirectly impact the
resistome
Feeding method has been considered one of the most
important factors in microbial and metabolic develop-
ment [30, 33], but we found little evidence to suggest its
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impact directly on the resistome. A previous study in
preterm infants [21] identified class D beta-lactamase
genes to be enriched in formula fed infants which were
most frequently identified in Clostridium difficile. We
did not find class D beta-lactamase genes in infants who
were formula fed. The remainder of our results suggest
feeding method acts on the resistome via increasing
taxonomic diversity, which our group has previously
shown is greater at 1 year compared to 6 weeks within
the NHBCS infant population [26]. This increased taxo-
nomic diversity could also be correlated with the intro-
duction of formula or solid foods. For instance,
compared to infants that were exclusively breastfed, in-
fants that were given any formula at 6 weeks had an in-
creased risk for developing unique ARGs but a lower
risk at 1 year. This finding suggests that introduction of
taxonomic diversity during unstable periods in develop-
ment can lead to more instability, but in more stable in-
fant gut communities, taxonomic diversity provides
colonization resistance [49].
Surprisingly, we identified that male sex was associated

with a greater overall relative abundance of ARGs at 6
weeks, but with a decreased risk of unique ARGs at 1
year. A recent study [14] found that among 40 infants
that were 6 months old, males had a higher richness of
ARGs (defined as the total prevalence of ARGs in each
sample) but found no difference in the summed relative
abundance. Another study [50] assessed sex differences
in the gut resistome of adults. They found that females
had a greater mean prevalence of ARGs than males and
attributed this primarily to differences in antibiotic pre-
scribing practices by sex. Sex differences in antibiotic
prescription rates have not been fully teased apart [51]
but, for older children and adults, some of the differ-
ences are likely due to distinct urinary tract infection
rates or sex-based differences in care utilization [51, 52].
As these factors may not be as applicable for infants,
antibiotic prescription rate differences may not explain
the differential resistome composition. Instead, a com-
bination of microbial, hormonal, or developmental dif-
ferences may explain variation between infant male and
female resistomes.

Strengths and limitations
While our study had many strengths including our large
sample size, paired sample design to reduce individual-
level variation, and prospective data collection frame-
work, our study does have some limitations. The
NHBCS includes primarily White women and their in-
fants from New Hampshire and Vermont in the United
States. Thus, our results may not be generalizable to
other communities with different ethnic [53] or geo-
graphic compositions [31]. Most variables were collected
via standardized medical record review including age,

sex, delivery mode, and antibiotic exposures reducing
multiple possible biases. However, for reported covari-
ates such as feeding mode within the first year, recall
and misclassification bias was a concern. To mitigate
this, we temporally assessed infant breast feeding expo-
sures beyond the marked interval time points to improve
the accuracy of the feeding mode classification (see
Methods). Additionally, we conducted a duplicate ana-
lysis of one 6-week sample from sequencing to analysis.
The duplicate samples were highly correlated across
taxonomic and resistome metrics. We also did not in-
clude antibiotic exposures throughout the first year of
life due to the variety and timing of the exposures, but
recognize future studies that primarily focus on antibi-
otics over the first year of life should be conducted.
Likewise, we acknowledge that there are inherent limita-
tions to the reference databases, many of which are up-
dated frequently, and tools we used to profile genes and
taxa. To alleviate this concern, we used previously cu-
rated and highly used sources including a precompiled
set of ARG markers from 2017. Thus, we believe any
misclassification would be non-differential by infant
characteristic. Specific to ARGs, there is much debate
regarding the classification of ARGs and their actualized
significance to differential health outcomes with some
ARGs purely indicating the presence of a particular spe-
cies [54]. Regardless, these genes can functionally confer
resistance to the associated organism and is the predom-
inant reason why we did not remove any possible ARGs
from analysis. Future papers could work to tease apart
which genes functionally contribute to antimicrobial re-
sistant infections within and between hosts or use meta-
transcriptomics to further investigate the expression and
utilization of these ARGs.

Conclusion
We identified that the infant gut resistome of 210 infants
from the general population sampled at two time points
in the NHBCS varies by early-life exposures but predom-
inantly tracks with taxonomic succession. Proteobacteria
and specifically E. coli were correlated with the overall
relative abundance of ARGs and the number of unique
ARGs. Early-life factors and covariates were associated
with the infant gut resistome. Cesarean delivery most as-
sociated with differential resistome acquisition and de-
velopment. As one of the largest infant gut resistome
epidemiology studies to date, this work provides a base-
line level of resistome development in a general popula-
tion of infants. Future studies should consider how other
early-life factors and perturbations throughout develop-
ment may impact the infant gut resistome to offer in-
sights on measures to reduce antibiotic resistance early
in life.
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Methods
Study population and design
The NHBCS is an ongoing prospective cohort study of
over 2000 pregnant women and their offspring recruited
from prenatal clinics in New Hampshire, USA. Pregnant
women ages 18–45 are recruited from prenatal clinics
beginning at approximately 24–28 weeks of gestation
and all women must use private well water as discussed
previously [55]. Fecal samples were collected prospect-
ively for infants at approximately 6 weeks and 1 year. In-
stitutional review board approval was obtained at
Dartmouth with yearly renewal. Written informed con-
sent for participation was received from parents for
themselves and their children.

Covariate data collection
Extensive covariate data on lifestyle, medical history, and
environmental exposures was collected in the NHBCS
from participants through medical records, postpartum
questionnaires, and telephone interviews. Delivery mode
(vaginal or cesarean), feeding mode (exclusively breast
fed, exclusively formula fed, or combination of breast
and formula fed), prenatal maternal antibiotic usage (yes
or no), gestational age (in days), birth weight (in grams),
maternal Group B Streptococcus status (yes or no), infant
sex (male or female), and other demographic character-
istics were collected from telephone questionnaires at 4,
8, and 12months following birth and delivery medical
records. Age of breast milk samples is also used to deter-
mine feeding mode and additional information about the
classification of breastfeeding exposure. Additional infor-
mation about feeding method prior to infant stool sam-
ple collection can be found in Additional File 1:
Supplementary Methods. Infant antibiotic exposures
were only classified if oral, injected, or intravenous anti-
biotic exposure was indicated during the initial
hospitalization. Intrapartum antibiotic exposures admin-
istered during labor and delivery were extracted from
maternal medical delivery records and were assessed
both as a yes/no variable and explored by class of intrapar-
tum antibiotic received. Subjects were grouped according
to intrapartum antibiotic exposures using the following
categories: no antibiotics; penicillin-like antibiotics only
(amoxicillin, penicillin); cephalosporins only (cefazolin,
cephalexin); multi-drug classes (two or more antibiotics
characterized as penicillin, cephalosporin, vancomycin,
clindamycin, and/or gentamicin); or “other” antibiotics
such as aminoglycosides, glycopeptides, or lincomycin.

Metagenomics collection and processing pipeline
Infant stool samples were collected at 6-weeks and 12-
months maternal postpartum. Stool samples were pro-
vided in diapers and stored by guardians in a home
freezer (− 20 °C) until they were able to return them to

the study site. Stool was thawed at 4 °C and aliquoted
(range 350–850mg) into 3 ml RNAlater in cryotubes
and homogenized before storing at − 80 °C. RNAlater
stool samples were thawed and DNA was extracted
using the Zymo Fecal DNA extraction kit (Cat# D6010,
Zymo Research, Irvine, CA), according to the manufac-
turer’s instructions. For each sample extraction, 400ul
RNAlater stool slurry (50–100mg of stool) was used to
isolate DNA. Extractions were performed in batches of
multiple samples and included a composite RNAlater
stool positive control and a RNAlater negative control.
Lysis of stool slurry was performed using 750ul Lysis
Buffer in ZR BashingBead™ Lysis Tubes (0.5 mm beads),
mixed and then shaken on a Disruptor Genie for 6 min.
Eluted DNA was quantified on a Qubit™ fluorometer
using the Qubit™ dsDNA BR Assay. Average coefficient
of variation of DNA yields (ng/ul) for composite RNAla-
ter stool positive controls was 28%. No DNA was ever
detectable in negative control elutions. Concentrations
of DNA samples used for metagenomic gene sequencing
ranged from 1 ng/ul to 25 ng/ul.
Metagenomic sequencing libraries were prepared at

the Marine Biological Laboratory (MBL) in Woods Hole,
MA using established methods. These libraries were
constructed using Nugen’s Ovation Ultralow V2 proto-
col. Using a Covaris S220 focused ultrasonicator, DNA
samples were sheared to a mean insert size of 400 base
pairs.
Some metagenomic samples were processed as paired-

end reads (n = 219; 52.1%) and others as single-end reads
(n = 201; 47.9%). Generally, sequencing batches of 12
were run for paired-end reads and batches of 16 were
run for single-end reads. Paired-end DNA reads were
merged into one FASTQ file and all samples were
trimmed with KneadData and Trimmomatic with default
settings [56] for quality control. Mean (SD) reads after
this quality control for single-end reads was 22.3 million
(9.6 million) and was 58.9 million (20.8 million) for
paired-end reads.
Taxonomic analysis was conducted using both

MetaPhlAn2 [38] and PanPhlAn version 1.2.2.5 (10 May
2018) [42]. MetaPhlAn2 [38], an output of the
HUMAnN2 [57] version 0.11.2 pipeline, was used to
analyze relative abundance of taxa to the species level.
MetaPhlAn2 characterizes microbial clades through the
use of clade-specific markers. PanPhlAn was used to
conduct a strain-level analysis of E. coli. A precompiled
pangenome database of E.coli from 2016 [42] was uti-
lized for this analysis. Using PanPhlAn, each sample was
mapped to the pangenome to assess presence and ab-
sence of genes corresponding to the dominant strain of
E. coli in each sample.
ARG markers were quantified using ShortBRED ver-

sion 0.9.5 [34]. ShortBRED works in two steps. First, it
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creates a database of antimicrobial resistance gene
markers and then uses this set of makers to identify anti-
biotic resistance genes in samples. A precompiled list of
markers [58] known to confer bacterial antibiotic resist-
ance from CARD version 1.1.8 [35] was used and the
relative abundance of ARG markers in our samples were
classified using the “shortbred_quantify” script with de-
fault parameters. Outputs from ShortBRED are normal-
ized for average read length, marker length, and
sequencing depth and are represented in RPKM. Anno-
tations for the ARGs were adapted from [50], which also
used ARG markers from ShortBRED. The current ver-
sion of the CARD database (3.1.0) profiles 88 potential
pathogens to assess if the ARG exists within species’
resistomes using an antimicrobial resistance detection
model [35]. While this taxonomic origin information via
CARD is worthwhile to note, these ARGs could be de-
rived from other species not profiled directly by CARD.
Additionally, some ARGs contain the name of an organ-
ism, but CARD frequently identifies multiple potentially
pathogenic species’ resistomes that the ARG may be
present in. For instance, CARD says that E. cloacae has a
perfect resistome match to E. cloacae acrA, but the gene
has also been found in other Enterobacter species and
Klebsiella pneumoniae’s resistomes with sequence
variants.
MGEs were identified using HUMANn2 [57] with de-

fault settings. Briefly, HUMAnN2 uses a ‘tiered search’
approach to first identify known species using reference
markers, map these reads to the pangenome of the spe-
cies, and finally conduct a translated search on all reads
that were not classified by known species giving gene
family in reads per kilobase. Output gene family files
were regrouped by gene ontology (GO), normalized to
relative abundance to account for sequencing depth,
merged into one file, and then renamed. This was com-
pleted using the “humann2_regroup_table”, “humann2_
renorm_table”, “humann2_join_tables”, and “humann2_
rename_tables” utility scripts available via bioBakery
[59].

Baseline metrics of the resistome
The prevalence, mean, and median values for all ARG
markers were assessed overall and stratified by 6-week
and 1 year samples. Additionally, all values were assessed
in comparison to all samples and to only samples that
had the gene present. ARGs were considered present if
they were present in at least one sample.

Covariate selection
Early-life exposures and variables that we hypothesized
to be associated with differential resistome composition
were chosen based on previous research demonstrating
their impact on the resistome and due to their

specificity. For our models we used the following covari-
ates: postnatal age of the infant (sampled at approxi-
mately 6 weeks or 1 year), gestational age (in weeks), sex
(male or female), delivery mode (vaginal or cesarean sec-
tion), intrapartum antibiotic exposure (yes or no), feed-
ing mode (exclusively breastfed, exclusively formula fed,
or mixed fed at the time of sample collection), and in-
fant antibiotic exposure before leaving the hospital (yes
or no). Sensitivity analyses assessed sample age in days
as a linear variable with the infant as a random effect,
intrapartum antibiotic exposures grouped by class of
antibiotic prescribed, never versus ever formula fed, and
possible joint interactions between intrapartum anti-
biotic exposure (yes or no) and delivery mode (vaginal
or cesarean delivery). Inter-individual differences were
analyzed as it often accounts for the largest amount of
variation in microbiome studies [20, 30, 60]. Geographic
location has also been associated with differential resis-
tome composition [39], but is controlled primarily
through restricting to NHBCS infants.

Statistical analysis
An overview of the methods and statistical tools used is
provided in Additional File 1:Fig. S7. The impacts of co-
variates on the resistome were assessed primarily using
negative binomial regression through quantifying two
outcomes: i) the relative abundance of all ARG markers
and ii) the presence of unique ARG markers. Addition-
ally, as microbes are hypothesized to be on the causal
pathway between many early-life exposures and the
resistome, we tested how taxa are correlated with covari-
ates, overall relative abundance of ARGs, and number of
unique of ARGs. The outcomes were analyzed across all
our samples controlling for sample age (6-week or 1-
year) and stratified by the age of sample collection (i.e.,
cross-sectionally). Negative binomial regression was se-
lected over regression models using the normal or Pois-
son distribution to avoid overdispersion [19] and
because the coefficient can be exponentiated to estimate
relative risk. Thus, the interpretation of the negative bi-
nomial regression results for assessing the overall num-
ber of unique ARGs would be: in comparison to the
unexposed group, the exposed group had X times the
risk of harboring unique ARGs. Relative risks can be
considered statistically significant if they do not include
1, but, if they do cross 1, may be considered meaning-
fully significant depending on the width of the confi-
dence interval. To assess relative abundance of ARG
markers and alpha diversity of species together, Shannon
alpha diversity metrics were extracted for species and
used as an additional exposure with overall ARG marker
relative abundance and number of ARG markers ob-
served as outcomes in sensitivity analyses. To assess the
direct correlation between microbial relative abundance
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and the two overall resistome outcomes, we assessed the
Spearman correlation between each species and phyla
relative abundance against each outcome. A threshold
effect was hypothesized between the relative abundance
of E. coli and the number of unique ARGs based on Fig.
3c. We used the R package “chngpt” [61] and tested this
hypothesis using a segmented threshold regression
model with the null hypothesis that there was no thresh-
old effect that could describe the association between E.
coli relative abundance and the number of unique ARGs.
Phyloseq [62] objects were created to measure diver-

sity metrics and to make compositional plots for ARGs,
taxa, and functional analyses. Alpha (within) sample di-
versity metrics were calculated using the Shannon and
Simpson diversity metrics. For beta (between) sample di-
versity, genes in RPKM were transformed into compos-
itional data. Using the “microbiome” package [63], a
pseudo count of the minimum value divided by two was
used in place of any 0s and then the data was CLR-
transformed [64]. PCA plots using Euclidean distances
were created to visualize results by different covariates.
A PERMANOVA was created using the adonis2 func-
tion in “vegan” [65] to evaluate between sample
diversity.
To further explore similarities and differences in

groups with adjustments for all other covariates, MaA-
sLin2 [41] was used. MaAsLin2 uses a feature reduction
technique involving additive boosting of generalized lin-
ear models to choose covariates that are most associated
with the outcome of interest. Compositional abundance
data for each ARG was associated with covariates in
MaAsLin2. Deviation from the default parameters in-
cluded the use of a CLR normalization approach, no
standardization of continuous variables, no transform-
ation, and only associations with Benjamini-Hochberg
multiple hypothesis correction (q-value) less than 0.01
were considered statistically significant.
As we were interested in understanding how early-life

exposures and taxa would impact individual and clusters
of ARGs, we visualized associations with heat maps
using the “pheatmap” [66] package in R. We first
assessed the association between the 50 ARGs with the
highest mean relative abundance across all samples. Any
ARG with a relative abundance of 0 was given a pseudo-
value of 0.000001, and then the ARG relative abun-
dances in RPKM were log10-transformed. ARGs were
clustered using the Euclidean distance and samples were
clustered using the Canberra distance based on previ-
ously used clustering methods [34]. Hierarchical cluster-
ing was used to delineate between groups of samples
and 8 clusters were selected in order to visualize samples
clustering based on low E. coli relative abundance (clus-
ters numbered 1 and 6). A second heat map of these as-
sociations was created that displayed ARGs present in at

least 60% of samples. ARGs were considered present if
they had a RPKM relative abundance of at least 0.01.
Both samples and ARGs were clustered using the Euclid-
ean distance.
To understand whether E. coli strains varied by any

covariates in our analysis, we used a variety of visual and
statistical tools. Multidimensional scaling using the jac-
card distance on the presence/absence matrix of genes
with a prevalence of at least 10% was used to visualize
sample similarities and differences by covariates. A heat
map including only genes that had between 20 and 80%
prevalence was used to cluster samples. Logistic regres-
sion with a Benjamini-Hochberg correction (q < 0.1) was
used to assess if any genes were differentially abundant
by sample age, feeding mode, a combination of delivery
mode and intrapartum antibiotic exposure, or total
number of reads. A BLAST search of statistically signifi-
cant genes using KEGG was conducted to reveal differ-
entially prevalent genes.
The goals of the MGE analysis were twofold as we

wanted to assess if MGE relative abundance was associ-
ated with (1) any covariate or (2) the species-specific
contribution of E. coli. Using a custom R script, we col-
lapsed all taxonomic information in the resulting gene
families file outputted by HUMANn2 to calculate the
relative abundance of each GO term for each infant
sample (i.e., the summed gene family relative abundance
for each sample equaled 1). Using a CLR-normalization,
MaAsLin2 was used to assess which gene families were
statistically associated with metadata including sample
age, feeding method (ever or never formula fed), intra-
partum antibiotic exposure, delivery mode, gestational
age, infant sex, and antibiotic use during the initial
hospitalization. Statistically significant results (q-value <
0.25) were queried for MGEs. Specifically, the terms
“integrase”, “integron”, transpos”, or plasmid” were used
for the query as they previously have been used to iden-
tify MGE elements from HUMAnN2 results [67]. Since
we found these MGEs to only be associated with sample
age, we assessed the species specific contribution to each
MGE broken down by sample age using the “humann2_
barplot” script from HUMAnN2. Bar plots were sorted
by the sample sum coefficient of the GO term and
grouped by sample age.

Quality control
Number of reads was not added as a covariate in any
models where a relative abundance was calculated as all
techniques normalized for sample depth (number of
reads). However, our assessment of unique ARG
markers and genes present in E. coli included log10-
transformed number of reads as these presence/absence
analyses were impacted by sample depth. Sequencing
type and batch effects were assessed through a PCA of
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the resistome. No evidence of differential effects to the
resistome were identified in either (Additional File 1:
Fig. S8a and Fig. S8b) so sequencing type and batch ef-
fect were not considered as a covariate in regression
models. A secondary quality control measure was
assessed by rerunning a 6-week, single-end sample
through the sequencing and downstream analysis pipe-
line. Upon re-analysis, ShortBRED and MetaPhlAn2 re-
sults were nearly identical (Additional File 1: Fig. S8c
and Fig. S8d).
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