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Supplementary discussion

Risk assessment of ARGs in Structured ARG Database

To distinguish this subset of ARGs that correlated with anthropogenic impacts, we searched
environmental metagenome samples and identified ARGs that were >100-fold more abundant
in anthropogenically impacted environments than in non-anthropogenically impacted
environments (Figure 1b and Supplementary Figure 2) (see Supplementary Methods and
Supplementary Figure 3). We referred to ARGs that were >100-fold enriched in
anthropogenically impacted environments as “human associated”. We evaluated 2,579
putative ARGs of a total of 4050 ARGs from the Structured ARG Database! (referred to as
ARGs of the initial set ) (1,471 ARGs of the initial set could not be assessed because they
were not detected in our current datasets). The presence and abundance of ARGs of the initial
set were investigated in 54,718 NCBI bacterial genomes (90% aa similarity), 15,738 NCBI
plasmids and other mobile genetic elements (MGEs) databases (90% aa similarity), and 854
global metagenomes (80% aa similarity) by the similarity search (searching criteria in
Methods). We found that 70% (1,816) of these ARGs of the initial set were not “human
associated”; and thus, were assigned to Rank IV, the lowest risk category (Figure 2b). Rank
IV ARGs also showed other low risk characteristics: the majority of them were not found on
any MGEs (83%, 1,505 of 1,816) (Supplementary Figure 4), and they were 5-10 times more

abundant in non-anthropogenically impacted environments (Supplementary Figure 5).

We next assessed the human-associated ARGs of the initial set (763) for gene mobility (i.e.
presence on plasmids, integrons, or in the intestinal microbiome mobile element database®?),
and for host pathogenicity (presence in the whole bacterial genomes of ESKAPE pathogens:
Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter

baumannii, Pseudomonas aeruginosa, and Enterobacter species) (Figure 2b and



Supplementary Figure 4). In total, 81% (618) of human-associated ARGs of the initial set
were not carried by any mobile genetic element and were therefore classified as Rank III. The
majority (84%, 122) of the human-associated, mobile genes were already present in
pathogens, and we classified them as the top risk level (Rank I); 16% (23 genes) were not

present in any pathogen, and were classified as Rank II.

Regulations on microbiome-based therapeutics

Regulations on live biotherapeutic products (including microbiome-based therapeutics and
probiotics) usually classify them as food supplements or dietary supplements, which are
subject to much less stringent regulations than pharmaceutical products. In the United States,
safety of potential probiotic strains is regulated by the US-FDA in the form of the Generally
Recognized as Safe (GRAS), where an antibiotic resistance profile for clinically relevant
antibiotics is recommended but not required from the manufacturers®. In the European Union,
potential probiotic strains are regulated by EFSA in the form of Qualified Presumption of
Safety (QPS). EFSA issued a list of microbial cultures having QPS status, based on a series of
safety assessment including acquired AMR. However, the safety assessment was conducted
on each taxonomic unit of microbial cultures through literature review®. Although such an
investigation would be useful for regulating intrinsic AMR, the significant variation of mobile
AMR among bacterial species and strains was not considered. EFSA aims to detect mobile
AMR via a multi-stage pipeline®, but the first stage of their pipeline entails running
phenotypic testing against a small subset of antibiotics (13) and discarding any strains that do
not exhibit higher than expected levels of resistance for their species. This may potentially
cause certain mobile resistances to remain undetected: either resistances to other untested
antibiotics, or mobility not accompanied by increased levels of resistance.

Supplementary Methods



Total environmental concentration of antibiotics across environments

We performed a literature survey on the concentrations of clinical and livestock antibiotics
across environments. We searched for literatures that surveyed the antibiotics of classes
quinolones, sulfonamides, macrolides, tetracycline, and chloramphenicol. Raw data of the
concentrations of antibiotics was collected from the tables and/or supplementary data from
the original literatures (Supplementary Data 1). The concentrations of all antibiotics of a
sample were summed up to represent the total concentration of antibiotics (breakdown of
calculations in Supplementary Data 1 details). The total concentration of antibiotics was

further normalized to the unit of ng/g (for solid samples) or ng/L (for liquid samples).

Antibiotic Resistance in Bacterial Life Tree and Global Eco-Systems

The distribution of antibiotic resistance genes (ARGs) and class 1 integrases (int//) in
bacterial life tree and global eco-systems was obtained from the ARGs online searching
platform (ARGs-OSP)’. ARGs-OSP detects ARGs by searching against Structured ARG
Database v1.0! using usearch v11.0, diamond 0.9.24, and blast 2.5.0+%'°, The Whole Genome
Dataset (WGD) on ARGs-OSP collected 54,718 all currently available bacterial genomes (=
50% completeness, < 10% contamination, and curated by Genome Taxonomy Database'!)
from NCBI Genome Database. The Metagenome Dataset (MGD) on ARGs-OSP collected
854 metagenomic datasets of Illumina shotgun sequencing. The metagenomes were classified
into 7 habitat-types? * based on metadata, including four undisturbed natural environments
(water, sediment, soil, and permafrost) and three human-related environments (WWTPs,
animal feces, and human feces). We further searched ARGs in 15,738 (all available after
quality screening) NCBI plasmids (curated by PlasFlow'?) and other MGEs databases

(integrons? and intestinal microbiome mobile element database ImmeDB?).



The search cutoff was set for genomes and MGEs as e-value of 1e-5, 90% aa similarity
over 80% aa hit length; and for metagenomes as e-value of le-7, 80% aa similarity over
75% aa hit length"!315, The bias from sequencing depth and bacterial DNA ratio across
samples was controlled using Equation 1 to normalize the copy of ARGs by the total
number of bacterial cells"'* (Supplementary Figure 11). Total bacterial cell number of
one metagenomic sample was inferred by counting the average copy number of bacterial
essential single copy genes (ESCMGs)!*!®, Fecal contamination in a metagenome was
evaluated by the total percentage of reads covered by three taxa as fecal markers,
including uncultured crAssphage'”, Bacteroides'®, and Escherichia coli'®. Taxonomy
information of a metagenome was inferred kraken?® using default library and settings.
ReadSnumber ing,

Lengthypei
Bacterial,.;;

abu;; = (Equation 1)

numbersamplej
Here, abu;; represented the abundance of ARG;j in a metagenomic sample;;

Reads numberrgirepresented the total number of metagenomic reads mapped to ARGi;
Lengtharci represented the nucleotide gene length of ARG; (bp);
Bacterial cell numbers.mpiej represented total bacterial cell number in a metagenomic

sample;.

Information and mothertables were downloaded from ARGs-OSP to investigate the
characteristics of each ARG. In details, we investigated the factors of “host taxonomy”, “host
range”, “host pathogenicity”, “mobility”, and “anthropogenic enrichment” of each ARG,
using self-written python and R scripts of python 3 (https://www.python.org/) and R 3.3.2*
(packages ‘ggplot2’,’dplyr’,’ggalt’,’ggthemes’, ‘fBasics’ and ‘plyr’). Phylogenetic tree was

constructed by maftt v7.4 (--nuc --adjustdirection --quiet --retree 2 --maxiterate 100) and



FastTree 2.1.102"*? and visualized by iTOLv5?%%. We defined the “host range” as the highest
taxonomy level (from “strain” to “phylum”) shared by all the hosts of an ARG. To obtain the
information for the “host pathogenicity” of one ARG, we referred to previous studies® ¢ to
predict the pathogenicity of a bacterial genome by matching and manually curating its
species-level taxonomy against a list of ESKAPE pathogens. All the sequences in WGD were
classified into chromosomes and plasmids by the genbank annotation and PlasFlow 1.0® using
the default threshold of 0.7 for probability filtering. All dendrograms are visualized by
Hierarchic or Tree layout in Cytoscape 3.3.0°. Statistics tests were conducted by R 3.3.2¢
fisher.test(alternative='greater', simulate.p.value =TRUE,B = 1000, conf.int = TRUE,

conf.level = 0.95) and ks.test().

ARG Risk Ranking Framework

We designed an ARG risk ranking framework that ranks all 4,050 ARGs in SARG v1.0! by
sequentially assessing three factors, i.e., “human associated enrichment”, “mobility”, and
“host pathogenicity” (Figure 2b). The framework aimed to evaluate the potential transfer and

dissemination of an ARG into human pathogens, as it represented the potential risk of an ARG

to human health and the priority of an ARG to be controlled.

The framework classified the mobile and human associated enriched resistance from intrinsic
and natural resistance, which could be a guidance for similarity-based databases expanded
from presumptive ARGs. The framework considered not only the potential mobility by HGT
(“mobility”), but also the potential ecological connectivity to human pathogens and
maintenance within human pathogens by the selection of antibiotics (“human associated
enrichment”).

The performance of our framework was assessed by comparing Rank I ARGs against the



known clinically relevant ARGs (Figure 3). We defined “clinically relevant ARGs” as ARGs
that were reported to have caused antibiotic treatment failure and/or outbreak of multidrug
resistant pathogens in hospitals. We collected a list of the “clinically relevant ARGs” that
were 1) prioritized by the WHO?* because they rendered many of antibiotic agents ineffective;
or 2) reported to have caused treatment failure and/or outbreak in hospitals across the world in
literatures®>=* 3) or being widespread on MGEs in clinically relevant environments such as

hospital wastewater 2533738,

ARG detection and risk assessment in genomes and metagenomes
We developed a bioinformatic tool arg_ranker
(https://github.com/caozhichongchong/arg ranker; pip install arg ranker) for detecting
ARGs and assessing the ARG risks in metagenomes and genomes. The arg_ranker
detects ARGs in genomes and metagenomes, computes the abundance of ARGs,
classifies ARGs into Rank I-IV and quantifies contribution of each risk Rank. In details,
arg_ranker outputs the copy number of ARGs detected for genomes and the total copies
of ARGs of each risk Rank. For metagenomes, arg ranker computes the abundance of
ARGs as the copy number of ARGs divided by the bacterial cell number or 16S copy
number in the same metagenomic sample. Total bacterial cell number of one
metagenomic sample is inferred by counting the number of reads mapped to bacterial
genomes normalized against the average bacterial genome size of that metagenomic
sample'®2°, We define the contribution of each ARG risk Rank as the average abundance
of ARGs of a risk Rank divided by the average abundance of all ARGs (Equation 2).

Y. abu(ARGs of risk Rank;)

No.ARGs of risk Rank;

Y. abu(all ARGs)
No.all ARGs

Contribution of risk Rank; = (Equation 2)
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Supplementary Fig. 1. The global distribution of (a) total ARGs and (b) Rank I ARGs in

metagenome datasets (MGD). Each dataset was represented as a circle node and was drawn

proportional to the average abundance (copy per total number of bacterial cells, n) of ARGs.

The location information was retrieved from the metadata of NCBI SRA Database. The color

of each dataset represented its habitat-type. WWTP: wastewater treatment plants.
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Evaluation of different factors to differentiate natural and human-associated samples
Supplementary Fig. 2. Evaluation of different factors (gene mobility, host pathogenicity,
combination of gene mobility and host pathogenicity, enrichment in human-associated
environments) to differentiate natural and human-associated samples by (a) contribution of
different groups (True and False) of ARGs to PCA axis_1 in Figure 1lc; (b) classification of
samples using total abundances of ARGs qualified each factor (True group). Top 100 ARGs in
each True and False group were displayed in Supplementary Fig. 3a, y axis values were the

log10 transform of the axia_ 1 value of their eigenvectors. Two methods were used to train the

classification model:

min(Q3nature=Q3human) —Max(Qlnature—Qlhuman) (Equation 3)

1 ) Quartlle overlap = ((Q 3nature—@Q 1nature)+(Q 3human—0Q 1human))/2

2) Min classifier error rate of all linear classifier (50% is maximum, random guessing),



short for min error rate

Data are presented as mean values (dots), median values (center of box), and 25%, 75%

percentiles (bounds of box). The minima and maxima represent the range of the data.
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Supplementary Fig. 3. Definition of human associated enrichment (a) and evaluation of the

cutoff for the significant enrichment (b). (a) Human associated enrichment was quantified as a

ratio between the average abundances of the same ARG sequence in the all human associated

habitats compared to all undisturbed natural habitats (Equation 4). We used 854 metagenomic

samples to model the enrichment of ARG in human associated environments compared to

undisturbed natural environments. The type of enrichment was represented by the color, as red



for human associated enrichment and green for natural enrichment. The “Inf” (infinity)
represented that an ARG sequence was not detected in any sample from the other habitat. (b)
The cutoff for significant enrichment was defined as the top 10% and was tested by sub-
sampling 1% to 99% (step by 1% and iteration by 100) of the whole pool of ARGs. The cutoff
(top 10%) was stable with less than 1% difference to the final cutoff when the subsampling
size was larger than 30%. The cutoff (top 10%) maintained larger than the mean plus the
variance of enrichment values. Of each subsample, we treated the subsampled ARGs as a
training set to set the cutoff and the non-subsampled ARGs as a testing set to calculate the
true positive rate (TPR, sensitivity) and true negative rate (TNR, specificity). The sensitivity
and specificity were maintained as more than 99.8% when the subsampling size was larger
than 30%.

mean(abuARGanthropogeniC)

mean(abuagg, ,,ire)

Enrichment of ARG; = (Equation 4)

Data are presented as mean values +- variance (dots and error bars).
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Supplementary Fig. 4. The proportion of ARG reference sequences in the Structured ARG

Database v1.0 that met the factors of human-associated enrichment, gene mobility and host

pathogenicity and were ranked as Rank I-IV.
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Supplementary Fig. 5. The similarities (amino acid) among sequence variants of Rank I-IV
ARGs and total ARGs in different habitats. The similarities were calculated between the
metagenomic sequences and the reference sequences. The density was scaled by taking the

maximum density as 100%. WWTP: wastewater treatment plants.
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Supplementary Fig. 6. Average abundance (copy of gene per total number of bacterial cells,

n) of vanA (a), sull (b) and Rank I ARG sequences (¢) in all environments. ARG sequences



(rows) and environments (columns) were clustered by Pearson correlation. For
Supplementary Fig. 6a and 6b, ARG sequences were classified as True in terms of whether
they were carried by pathogens (Pathogenicity), carried by mobile genetic elements
(Mobility). For Supplementary Fig. 6¢, ARG sequences were classified as True if there are

known as high risk ARGs by previous studies.
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Supplementary Fig. 7. Whole cycle of antibiotic resistance dissemination in undisturbed
natural and human associated environments, indicating antibiotic resistance is a growing

threat to human health.
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Supplementary Fig. 10. Fecal contamination of metagenomic samples represented by the
total percentage of reads covered by three fecal markers. Figure a-c represent the fecal
markers of Bacteroides (a), Escheriachia coli (b), and uncultured crAssphage (c),
respectively. Non-human-associated samples were curated by less than 0.05% fecal
contamination. The percentage of reads covered by three taxa was calculated by the number
of reads mapping to three taxa divided by the total number of reads mapping to all taxa by
kraken using default library and settings. Data are presented as mean values +- SE (dots and

error bars) and 25%, 75% percentiles (bounds of box).
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Supplementary Fig. 11. The relationship between sequencing depth and total number of
bacterial cells, and abundances (copy of gene per total number of bacterial cells, n) of all

ARG s, total Rank I, and Rank II. The total number of bacterial cells displayed a linear
relationship to the sequencing depth and different lifestyles displayed different bacterial DNA
ratio. The abundances of all ARGs, total Rank I, and Rank II displayed almost no relationship

to the sequencing depth. FMT: fecal microbiota transplantation.
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