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SUMMARY
The impact of societal antibiotic consumption on the prevalence of antibiotic resistance across microbial
taxa in natural environments has not yet been assessed at global scales. Here, I examine the prevalence
of 155 antibiotic resistance genes (ARGs) in 300,209 bacterial genomes, from non-clinical non-human-asso-
ciated terrestrial environments at over 9,600 locations in 44 countries. I then compare ARG prevalences to
nationwide antibiotic consumption rates, distinguishing between different ARG types. I find that depending
on country and ARG type, ARG prevalences can be extremely high; for example, the probability that a given
quinolone resistance gene is present in a given strain in Thailand was estimated at 42%. Further, I find strong
positive correlations between nationwide antibiotic consumption rates andmean ARG prevalences for nearly
all ARG types. Thus, national antibiotic consumption leaves a signal on the prevalence of ARGs across the
bacterial tree, even in non-clinical environments.
INTRODUCTION

The rapid spreadof antibiotic resistance amongmicroorganisms,

believed to be largely driven by an increased use of antibiotics, is

a topic of great concern.1,2 Numerous outbreaks of strains resis-

tant to common antibiotics have been documented throughout

the world,3–6 and a causal relationship between antibiotic use

and acquired antibiotic resistance in clinical settings and in pa-

tients is well established.7–11 Metagenomic sequencing studies

have also revealed a wide distribution of antibiotic resistance-

conferring genes (ARGs) in non-clinical local environments

such as lakes, wastewater, aquaculture, and soil,12–17 suggest-

ing that unintended leakage or even intentional disposal of antibi-

otics into the environment may drive the proliferation of ARGs.

However, ARGs in the environment are not strictly a human-

induced phenomenon, since selective pressure for ARGs likely

also existed in ancient microorganisms12,18–20; for example, anti-

biotic resistance can be an adaptive trait involved in competition

between microorganisms.21,22 Further, antibiotic resistance can

also be selected by other pollutants or naturally occurring

chemicals, notably heavy metals, through various mechanisms

including co-resistance or cross-resistance.20,23,24 For example,

antibiotic resistance in bacteria, sampled along a sediment

archive as far back as the 19th century, correlated positively

with zinc concentrations over time.20 Hence, it is important to un-

derstand the extent to which antibiotic resistance in the non-clin-

ical environment and across microbial clades is driven by human

antibiotic use. Such insights are particularly important in light of
iScience 28, 111712, Febru
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ongoing efforts to regulate the use of antibiotics.25 Previous com-

parisons between antibiotic consumption and microbial resis-

tance to antibiotics over large geographic scales have focused

on a small number of well-studied cultured organisms.26–30 To

date, an evaluation of ARG prevalence in microbial taxa from

non-clinical environments, covering a broad taxonomic spec-

trum, and its potential relationship with national antibiotic con-

sumption rates is lacking. Evaluating this relationship at a national

level is particularly important, since most laws regulating anti-

biotic use are national.

Here, I examine theprevalenceof 155ARGs in300,209publicly

available bacterial medium- to high-quality genomes (>50%

completion, <5% contamination) from non-clinical non-human

microbiome terrestrial environments, recovered using both cul-

ture-based and culture-independent methods. The genomes

originate from over 27,700 studies in 44 countries, cover over

9,600 geographic locations worldwide including soils, lakes,

rivers, aquifers, bioreactors, farms, livestock, wildlife, plants,

and hot springs, and represent approximately 240 bacterial phyla

(overview of taxa in Figure S1, accession numbers in Data S1). I

distinguish between genes involved in various types of antibiotic

resistance, including beta-lactamases as well as resistance to

aminoglycosides, fosfomycins, macrolide-lincosamide-strep-

togramin (MLS) antibiotics, phenicols, quinolones, rifamycins,

sulfonamides, tetracyclines, trimethoprim, and vancomycin. I

use a maximum likelihood approach under a Poisson binomial

distribution model to estimate gene prevalences across organ-

isms,while accounting for the incompletenessof somegenomes.
ary 21, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
CC BY license (http://creativecommons.org/licenses/by/4.0/).
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I then compare the estimated nationwide ARG prevalences in

each country to the national antibiotic consumption rate during

the years 2000–2016,measured in defineddaily dose equivalents

per year. As described further, I find strong and significant statis-

tical associations between the national antibiotic consumption

rate and ARG prevalences across countries.

RESULTS AND DISCUSSION

ARG prevalences across countries and cells
The prevalence of a given ARG is henceforth defined as the frac-

tion of all examined strains that exhibit the gene, in other words,

the probability that any given cell exhibits that gene. This quantity

was estimated statistically based on the presence/absence of

the gene in the recovered genomes and accounting for the

completeness of those genomes. ARG prevalences were either

estimated separately for genomes from each country or esti-

mated using all 300,209 genomes from all considered countries.

To limit estimation error, only countries with at least 500 ge-

nomes were considered (44 countries; Figure S2). For simplicity,

and to reduce estimation noise, I focus on mean ARG preva-

lences, either averaged over all 155 ARGs or averaged over all

ARGs of a particular type (e.g., average ARG of all fosfomycin

resistance genes).

Estimated ARG prevalences varied strongly between individ-

ual genes, with some genes ranging below 0.01% and some

reaching over 30% (Figures 1D and 1E). The average prevalence

of all ARGs, that is, the probability that any given ARG gene is

found in any given organism, was 6.4%. Given that 155 genes

were considered, this implies that any randomly chosen cell is ex-

pected to contain on average 9.9 ARGs ð155 3 6:4%Þ. In fact, a

substantial portion of examined genomes contained over 10

ARGs (Figure 1C). This indicates that multi-faceted antibiotic

resistance is common outside of the clinical environment. ARG

types with the highest gene prevalences were associated with

quinolone, phenicol, vancomycin, and MLS resistance, while

the least prevalent types were beta-lactamases and genes

involved in trimethoprim resistance (Figures 1A–1E). ARGs

conferring resistance to ‘‘reserve’’ antibiotics sensuWorldHealth

Organization (WHO),31 that is, antibiotics reserved as last resorts

and restricted to caseswith no other treatment options, generally

exhibited lower prevalences, with trimethoprim and fosfomycin

resistance genes being the least or 3rd least prevalent. ARG

prevalences also varied substantially between countries (Fig-

ure 1A). Notably, ARG prevalence was above 30% for quinolone

resistance genes in multiple countries, including Thailand (42%),

Pakistan (35%), Poland (33%), and Vietnam (32%). Thus, a
Figure 1. ARG prevalences

(A) Mean estimated prevalences of antibiotic resistance genes (ARG) in analyzed

sizes are proportional to mean ARG prevalence, i.e., the fraction of cells exhibiting

written inside the circles. ARG types conferring resistance to antibiotics classifie

(B) National antibiotic consumption rate (ACR, daily dose equivalents per year) p

(C) Histogram of the number of ARGs detected in individual genomes, not adjus

(D) Histogram of ARG prevalences (each considered ARG is one data point).

(E) Estimated prevalences of individual ARGs by type (one point per gene, one b

ranges, and horizontal lines showmedians. ARG types are sorted bymean prevale

only from non-human pathogens, see Figures S3 and S4, respectively. Also see
randomly chosen gene involved in quinolone resistance would

have a 42% probability of being in any randomly chosen strain

in Thailand, or a 35% probability for Pakistan, and so on.

Note that different ARG types can comprise very different

numbers of genes; for example, across all genomes, I detected

60 distinct beta-lactamase genes and only 2 distinct quinolone

genes (Table S1). Thus, differences in average prevalences be-

tween ARG types must be interpreted with caution. Indeed,

when considering the sum of ARG prevalences within each

ARG type, that is, the expected number of ARGs per cell and

per ARG type, vancomycin and MLS resistance genes were

generally the most abundant (Figure S5). The highest expecta-

tion was estimated for vancomycin resistance (2.4 genes per

cell in Singapore) and beta-lactamases (2.4 genes per cell in

Pakistan).

To further examine ARG prevalence in human pathogens, a

topic of particular concern, I repeated the aforementioned ana-

lyses separately for genomes from species known to be obligate

or opportunistic human pathogens, henceforth simply referred to

as ‘‘pathogens’’ (48,509 genomes, Figure S3). Note that since

this constitutes a small subset of the original genomic dataset,

a sufficient number of genomes for analysis were only available

for a subset of 20 countries. Across this subset of countries,

the average ARGprevalencewas 3.9%. I thus found no evidence

that ARG prevalence is higher in pathogens sampled from non-

clinical non-human microbiome environments, when compared

to bacteria overall. The two ARG types with highest gene preva-

lences were quinolone resistance and phenicol resistance, with

the highest prevalence estimated for quinolone resistance in

Thailand (43%), similarly to the full dataset. When considering

the expected number of ARGs per cell and per ARG type (Fig-

ure S5), the highest value was estimated for beta-lactamases

in Russia (2.8 genes per cell) and aminoglycoside resistance in

China (2.8 genes per cell). Given that some aminoglycosides

are classified as ‘‘reserve’’ or ‘‘watch’’’ antibiotics by WHO,31

these high values appear particularly worrisome.

National antibiotic consumption rate versus ARG
prevalence
To examine whether antibiotic consumption rates have an ef-

fect on ARG prevalence at a national scale, I compared mean

ARG prevalences to each country’s antibiotic consumption

rate, estimated for the period 2000–2016 by averaging data

from various years in that interval (Figure 2).25,32 I found a strong

and significant positive Spearman correlation between mean

ARG prevalence and antibiotic consumption rate across coun-

tries for (r = 0:42, one-sided p = 0.002). Similarly, strong and
bacterial strains, for each country (rows) and each gene type (columns). Circle

any given ARG averaged over all ARGs of a specific type. Values above 0.2 are

d as ‘‘reserve’’ by the WHO AWaRe system31 are underlined.

er country.

ted for genome completeness (each genome is one data point).

ox per gene type). Whiskers show full value ranges, boxes show interquartile

nce. For analogous plots considering only genomes from human pathogens, or

Figure S5.
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Figure 2. ARG prevalences versus antibiotic consumption rates

(A) Mean estimated ARG prevalence (fraction of cells exhibiting a given gene, averaged over all genes, vertical axis) compared to national antibiotic consumption

rate (daily dose equivalents per year, horizontal axis) across 44 countries (one point per country).

(B–L) Similar to (A), but focusing on specific categories of ARGs. In all figures, the Spearman rank correlation ðrÞ and its associated one-sided statistical sig-

nificance (p) are shown; bold letters highlight statistically significant cases. Log-linear least-squares regression lines are shown for reference. For analogous plots

considering only genomes from human pathogens, or only from non-human pathogens, see Figures S6 and S7, respectively.

(M) Spearman correlations between mean ARG prevalences and national antibiotic consumption rates, considering either genomes identified as human path-

ogens, genomes not identified as human pathogens, or all genomes. Circle sizes are proportional to the magnitude of correlation coefficients. Statistically

significant correlations are highlighted using a black ring around the circle and an inscription of the correlation coefficient. ARG types conferring resistance to

antibiotics classified as ‘‘reserve’’ by the WHO AWaRe system31 are underlined.
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significant positive correlations were also found for 9 out of

11 individual ARG types: beta-lactamases and resistance to

aminoglycosides, fosfomycins, MLS, phenicols, quinolones, ri-

famycins, sulfonamides, and trimethoprim. This suggests that

societal consumption of antibiotics has a clearly detectable

and substantial influence on the abundance of ARGs across

microbial taxa within national boundaries, in non-clinical non-

human microbiome environments. Correlations were particu-

larly strong for genes involved in sulfonamide resistance (r =

0:59, p < 0.001) and aminoglycoside resistance (r = 0:50,

p < 0.001). Sulfonamides are among the oldest broadly used an-

tibacterials, whose popularity dates back prior to the introduc-

tion of penicillin.33 Aminoglycosides are broad-spectrum antibi-

otics with a primarily clinical use, dating back to the 1940s.34

The present results suggest that relative to other (natural) fac-

tors, human consumption of antibiotics has a particularly strong

effect on the taxonomic distribution of sulfonamide and amino-

glycoside resistance genes.

On the other end, mean prevalences of ARGs involved in tetra-

cycline and vancomycin resistance did not exhibit a significant

correlation to national antibiotic consumption rates. The lack of

a significant correlation for these two ARG types may reflect a

genuinely weak sensitivity of bacterial evolutionary/ecological

dynamics to these drugs. Alternatively, it is possible that the na-

tional consumption specifically of tetracyclines and vancomy-

cins is poorly correlatedwith overall national antibiotic consump-

tion, which was the only metric of antibiotic use easily available

for this study. In other words, while the prevalence of tetracycline

and vancomycin resistance genesmay indeed be affected by the

presence of these drugs, the usage rates of the latter may not be

well reflected by overall antibiotic consumption rates. Indeed, it

is likely that the relative contributions of various types of antibi-

otics to national antibiotic consumption differ between countries,

for example, depending on local regulations and agricultural

activities.32,35

To further examine the potential effects of antibiotic consump-

tion on pathogens, I repeated the aforementioned analyses

focusing on genomes identified as human pathogens (48,509 ge-

nomesacross20countries). Ingeneral, correlationsbetweenARG

prevalences and national antibiotic consumption rates were simi-

larly strong or stronger than for the full dataset. (Figures 2M and

S6), with the exception of fosfomycin and trimethoprim resistance

for which no significant correlations were found. Notably, correla-

tion coefficients were as high as 0.69 for phenicol resistance

(p = 0.003), 0.63 for beta-lactamases (p = 0.001), and 0.63 for qui-

nolone resistance (p = 0.001).When analyzing only non-pathogen

genomes (243,026 genomes across 36 countries), significant cor-

relations were observed for 6 out of 11 ARG types. ARG types for

which correlations were significant in the full dataset but non-sig-

nificant in non-pathogens (beta-lactamases, phenicol resistance,

and quinolone resistance)were the ARG typeswith strongest cor-

relations in pathogens. These results suggest that some types of

antibiotics exert a detectably stronger selective pressure onpath-

ogens, when compared to other antibiotics or when compared to

non-pathogens. It should be pointed out, however, that this

conclusion does not apply to some ARG types, such as fosfomy-

cin and MLS resistance, where pathogens displayed weak and

non-significant correlations.
The aforementioned results contrast previous much smaller

studies that detected no significant association, or only a weak

association, between national antibiotic consumption rates and

ARG prevalences.26–29 This difference may be explained by the

fact that each of those studies focused only on a small number

of clinically relevant taxa, notably Escherichia coli, Klebsiella

spp., and Staphylococcus aureus. Hence, while national anti-

biotic consumption rate strongly correlates with ARG prevalence

when assessed over the full bacterial domain, it need not neces-

sarily correlate with ARG prevalence in every single bacterial

species.

Limitations of the study
A few caveats are worth noting. First, the present analysis does

not clarify whether elevated ARG prevalence in some countries

is primarily driven by horizontal transfers and fixation of these

genes in new taxa, or primarily through the invasion by foreign

strains that already exhibit these genes. Distinguishing between

these two scenarios is difficult and would require analysis of the

recent phylogenetic history of ARG alleles or, hypothetically, an

experimental modification of microbial dispersal across coun-

tries. I also emphasize that antibiotic resistance can additionally

be enhanced through mutations in general-purpose genes, for

example, mutations affecting the cell wall’s permeability to

small molecules.36 Such forms of antibiotic resistance are not

covered by the present analysis, which focuses on genes pri-

marily associated with antibiotic resistance. Further, ARGs are

often transported on plasmids37 and are not necessarily imme-

diately incorporated into chromosomes. Since plasmids are

sometimes missing from published genomes, especially those

assembled from metagenomes,38 ARG prevalences reported

here may in some cases underestimate the true extent of anti-

biotic resistance. Lastly, the unavoidable ‘‘blurry’’ temporal

aspect of the patterns examined and the data used should be

kept in mind. Specifically, national antibiotic consumption in

any given year could affect ARG prevalences over multiple sub-

sequent years, and reciprocally, ARG prevalence at any given

time could be cumulatively affected by antibiotic consumption

over multiple preceding years.39 Similarly, the examined na-

tional antibiotic consumption rates, as well as the genomes

used to estimate ARG prevalences, cover a broad time interval,

rather than a single snapshot. Thus, both the ARG prevalences

and the compared antibiotic consumption rates should be seen

as approximate averages over time. Given that such an aver-

aging would generally tend to hide causal relationships and

deflate correlations, the strong correlations reported here are

particularly remarkable.

Conclusions
This study analyzed hundreds of thousands of bacterial genomes

worldwide, from non-clinical non-human microbiome environ-

ments, to examine the proliferation of antibiotic resistance genes

across the bacterial tree of life and to assess the role of national

antibiotic consumption rate in as a potential driver of this prolifer-

ation. It was found that the prevalence of some ARGs was

extraordinarily high in some countries (e.g., >40% in Thailand)

and that a substantial fraction of strains exhibit over 10 different

ARGs. It was further shown that national antibiotic consumption
iScience 28, 111712, February 21, 2025 5
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rate exhibits a strong positive correlation with ARG prevalence

across countries. The latter observation held for the majority

of ARG types examined, in pathogens as well as in non-patho-

gens. These correlations are particularly remarkable if one con-

siders the inevitable differences in regulations, antibiotic usage

streams, and environmental conditions between countries, all

of which would tend to conceal the underlying causal relation-

ships. The present study substantially expands analogous find-

ings fromprevious studies that focused on specific bacterial spe-

cies26–30 and studies reporting a relationship between local ARG

prevalence and antibiotics in specific geographic regions.40,41

The findings presented here suggest that antibiotic consumption

at the national level substantially impacts ARG prevalence in the

environment, and they underline the urgency to develop national

policies that curb the overuse of antibiotics.42 In particular, it be-

comes clear that a reduction of antibiotic consumption at the na-

tional level not only serves a global ‘‘public good’’43 but would

also decrease ARG prevalence in the specific countries or re-

gions enacting such reductions.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

R R project https://www.r-project.org

python Python project https://www.python.org

Other

Bacterial genomes in fasta format NCBI GenBank Data S1

Bacterial genomes in fasta format Genomes from Earth’s Microbiomes (GEM) Data S1
METHOD DETAILS

Genomes
In the following, the term ‘‘genome’’ refers to complete or incomplete genome sequences obtained from culture-dependent aswell as

culture-independent methods, including metagenome-assembled genomes.44 Genomes were obtained from two different sources,

GenBank45 and the Genomes from Earth’s Microbiomes (GEM) catalog,46 as follows. Complete or draft genome sequences were

downloaded from GenBank45 on April 26, 2024, based on the following criteria: Only genomes with a contig-N50 above 5000,

and with the ‘‘excluded_from_refseq’’ entry either being empty or only containing the terms ‘‘na’’, ‘‘not used as type’’, ‘‘untrustworthy

as type’’, ‘‘derived from metagenome’’, ‘‘missing rRNA genes’’, ‘‘missing tRNA genes’’, ‘‘derived from environmental source’’,

‘‘derived from single cell’’, ‘‘unverified source organism’’, ‘‘partial’’ and ‘‘genus undefined’’ were downloaded. The original sample

coordinates were extracted from the corresponding BioSample’s ‘‘latitude’’, ‘‘longitude’’ and/or ‘‘lat_lon’’ fields or (for a small number

of isolate genomes) from the literature. GEM genomes and associated metadata were downloaded from the official repository

(https://genome.jgi.doe.gov/portal/GEMs/GEMs.home.html) on April 17, 2021, and only genomes with available coordinates were

kept. The country of each genome was either determined based on its coordinates if available, using the python package reverse_-

geocoder v1.5.1, or extracted from the geo_loc field in the NCBI samplemetadata. Genomes for which the country of origin could not

be determined were omitted. The taxonomic identities of GenBank genomes were taken from GenBank based on each genome’s

taxid, while the taxonomic identities of GEM genomes were taken from the provided metadata.

Genomes were associated with various environments as follows. GenBank genomes were classified as human-microbiome-asso-

ciated if their BioSample’s ‘‘host’’ entry was ‘‘Homo sapiens’’ or their ‘‘isolation_source’’ entry contained the word ‘‘Homo sapiens’’ or

‘‘human’’. GEMgenomes were classified as human-microbiome-associated if their ‘‘habitat’’ metadata started with ‘‘human host’’, or

if their ‘‘ecosystem_type’’ metadata was ‘‘human’’. Genomes were identified as human pathogens using the FAPROTAX database

v1.2.447 based on their taxonomic identity, including for example Cutibacterium acnes, Eggerthella lenta, Mycobacterium tubercu-

losis, Bacillus anthracis, Staphylococcus aureus, Enterococcus faecalis, Listeria monocytogenes and several others. Genomes were

identified as marine either based on their coordinates (if available) using the python package global_land_mask v0.0.3, or based on

the presence of one of the following keywords in their sample metadata: ‘‘marine’’, ‘‘ocean’’, ‘‘seafloor’’, ‘‘seawater’’. Genomes were

identified as terrestrial if they were not marine, and only terrestrial genomes were kept for further analysis. Terrestrial GenBank ge-

nomes were classified as originating in a clinical setting if their BioSample’s ‘‘geo_loc’’, ‘‘metagenome-source’’, ‘‘organism_name’’,

‘‘isolation_source’’, ‘‘isolation_site’’ or ‘‘env_local_scale’’ entry contained ‘‘hospital’’ or ‘‘clinic’’. Terrestrial GEM genomes were clas-

sified as originating in a clinical setting if their ‘‘habitat’’ or ‘‘ecosystem_type’’ metadata contained ‘‘hospital’’ or ‘‘clinic’’. In all sub-

sequent analysis, I focused on terrestrial non-clinical non-human-microbiome-associated genomes, occasionally distinguishing be-

tween human pathogens and non human pathogens.

Proteins were predicted for each genome using prodigal v2.6.3.48 The quality of each genome was assessed based on the pres-

ence of multiple single-copy marker genes using checkM v1.1.3,49 with option ‘‘reduced_tree’’. Only genomes with an estimated

completeness R50% and a contamination level %5% were kept, and only countries with at least 500 quality-filtered genomes

and available information on total annual antibiotic consumption rates (see below) were considered for subsequent analyses. Hence,

we obtained a dataset of 300,209 medium- to high-quality georeferenced terrestrial non-clinical non-human-microbiome-associ-

ated genomes from 44 countries, with an average completeness of 92.7% and an average contamination level of 0.98%. When

considering only genomes from human pathogens, 20 countries were kept based on the above criteria, represented by 48,509 ge-

nomes. When considering only genomes not from human pathogens, 36 countries were kept based on the above criteria, repre-

sented by 243,026 genomes. A map of geographic locations of genomes (wherever available) and overviews of taxonomic cover-

ages (genomes per phylum or class) are shown in Figure S1. An overview of the number of genomes from each country is shown in

Figure S2C. Genome accession numbers, taxonomic classifications, coordinates (where available), country of origin, completeness,
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contamination levels, pathogen identifications and other metadata are provided in Data S1. Readers can retrieve any of the

GenBank genomes analyzed based on its accession number, under a URL of the form https://www.ncbi.nlm.nih.gov/datasets/

genome/GCA_030518215.1, after replacing GCA_030518215.1 with the proper accession number. Readers can also retrieve infor-

mation on a genome’s original project based on its bioproject number (provided in Data S1), under a URL of the form https://www.

ncbi.nlm.nih.gov/bioproject/PRJNA988455, after replacing PRJNA988455 with the proper bioproject number.

National antibiotic consumption rates
National antibiotic consumptions per day and per person (in daily dose equivalents, DDD) for the period 2000–2016 were obtained

from the literature or estimated, as follow. For countries covered by theWHOReport of Surveillance of Antibiotic Consumption,25 the

DDD per day per person for the years 2015 or 2016 was taken from that report (table 4.2 therein). Additional antibiotic consumption

data (DDD per day per person) for the years 2000, 2015 and/or 2005 were taken from Klein et al.,32 supplementary table 3, by dividing

the values in the column ‘‘Access antibiotics volume in DID’’ by the values in the column ‘‘Access antibiotics in total consumption’’ and

further dividing by 1000. National antibiotic consumption rates (ACR, in DDD per year) were calculated by multiplying the daily per

person consumption rates by 365 and by the country’s population size in the corresponding year. The population size of each country

in each considered year was obtained from the World Bank Development Indicators database (https://datatopics.worldbank.org/

world-development-indicators, accessed October 15, 2024). For each country, available national antibiotic consumption rates

were averaged to obtain a single numeric value representative of the period 2000–2016. A temporal average was preferred over

any single time point, to reduce sensitivity to events in any single year and to account for the fact that ARG prevalences too were

estimated using genomes collected over multiple years. For a comparison of antibiotic consumption rates between the 3 most rep-

resented years, see Figure Figure S2. Overall, a strong and significant positive correlation was observed in antibiotic consumption

rates between years (Spearman rank correlation R 0.95 in all cases, p < 0.05). Information on each considered country, including

population sizes and antibiotic consumption rates, is provided in Data S3.

QUANTIFICATION AND STATISTICAL ANALYSIS

Prevalence of antibiotic resistance genes
Throughout this article, the ‘‘prevalence’’ of a given gene is defined as the fraction of cells exhibiting the gene, either in the whole

genomic dataset or restricted to genomes from a specific country and optionally further restricted to pathogens or non-pathogens.

To estimate the prevalence of antibiotic resistance genes (ARGs), I proceeded as follows. Genes were initially chosen according to

the catalog of antibiotic resistance genes in the KEGGBRITE database,50 classification BR1600, however only genes found in at least

one genome were ultimately considered. A table listing the 155 considered genes, including names, KOs and descriptions, is given in

Data S2, and an overview is given in Table S1. Protein coding genes were predicted using prodigal as described above, and func-

tionally annotated against the KOfam Hidden Markov Model (HMM) database v95.0, released 2020-09-06,51 using hmmsearch

v3.3.52 Only hits with a score above an HMM’s provided noise cutoff and an E-value below 10� 10 were accepted. For each genome,

a genewas considered to be present if the corresponding HMMwas represented by at least one accepted hit. Note that in the case of

incomplete genomes, a gene may be absent from the genome sequence even if it was present in the actual cells that the genome

represents. Thus, simply counting the fraction of genomes in which a gene was found would underestimate the actual prevalence

of the gene. In order to estimate a gene’s prevalence while accounting for genome completeness, a maximum-likelihood approach

based on a Poisson binomial distribution model was used. In this model, a given gene has probability Ci of being detected in the i-th

genome, when conditioned on the gene being present in the original cells, where Ci is the genome’s completeness (estimated with

checkM as explained earlier). False positive detections were assumed to be negligible. Let M0 denote the subset of considered ge-

nomes in which the gene was not detected, andM1 the subset of considered genomes in which the gene was detected. Let a be the

gene’s prevalence, i.e., the unknown parameter to be estimated. Then according to the model, for any given a the likelihood of the

data is given by:

L =
Y
i˛M0

½ð1 � aÞ + að1 � CiÞ�3
Y
i˛M1

aCi: (Equation 1)

By taking the first derivative of the log likelihoodwith respect to a and demanding that it be zero (i.e., d lnðLÞ=da = 0), we obtain the

following condition for the maximum-likelihood estimate ba:
0 =

jM1j
ba �

X
i˛M0

Ci

1 � baCi

; (Equation 2)

where jM1j denotes the size of M1, i.e. the number of genomes where the gene was detected. Equation 2 was solved numerically

using the bisection method implemented in the python function scipy.optimize.root_scalar.53 The above procedure was applied

separately for each gene, and separately for each subset of considered genomes (e.g., genomes from India, genomes from the

USA, and so on). Estimated AGR prevalences in each country are given in Data S3. The numbers of ARGs found in each genome

and for each ARG type are provided in Data S1.
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Table S1: Antibiotic resistance genes, related to STAR Methods. Overview of antibiotic resistance genes detected
and examined (types and KEGG KO numbers). For gene names and descriptions see Data S2.

Type KOs
aminoglycoside resistance K00662, K00663, K00897, K00984, K03395, K04343, K05593,

K10673, K12570, K17840, K17880, K17881, K17882, K17910,
K18815, K18816, K18817, K18844, K18845, K18846, K19272,
K19273, K19274, K19275, K19276, K19278, K19279, K19300,
K19301, K19883

beta-lactamases K01467, K17836, K17837, K17838, K18698, K18699, K18767,
K18768, K18780, K18781, K18782, K18790, K18791, K18792,
K18793, K18794, K18795, K18796, K18797, K18970, K18971,
K18973, K18976, K19095, K19096, K19097, K19100, K19101,
K19209, K19210, K19211, K19212, K19213, K19214, K19215,
K19216, K19217, K19218, K19316, K19317, K19318, K19319,
K19320, K19321, K19322, K20319, K20320, K21266, K21276,
K21277, K22232, K22331, K22333, K22334, K22335, K22351,
K22352, K24153, K24161, K24162

fosfomycin resistance K11210, K21252, K21253, K21264, K21265
Macrolide-Lincosamide-
Streptogramin (MLS) resistance

K00561, K06880, K06979, K08160, K08217, K15632, K18230,
K18231, K18232, K18234, K18235, K18236, K18833, K19349,
K19350, K19545, K21251

phenicol resistance K00638, K07552, K18552, K18553, K18554, K19271
quinolone resistance K08167, K18555
rifamycin K19062, K21267, K21288, K22579
sulfonamide resistance K18824, K18974
tetracycline resistance K08151, K08168, K18214, K18215, K18216, K18217, K18218,

K18220, K18221, K18233
trimethoprim resistance K18589, K18590, K18591, K19645
vancomycin resistance K18345, K18344, K07260, K18346, K18351, K18352, K18353,

K18347, K15739, K08641, K18350, K18349, K18348, K18856,
K18866
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