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A R T I C L E  I N F O   

Keywords: 
Metagenomics 
Resistome 
Environmental impact 
One-health 
Monitoring 

A B S T R A C T   

Domestic wastewater is a significant reservoir of antibiotic resistance genes, which pose environmental and 
public health risks. We aimed to define an antibiotic resistome signature, represented by core genes, i.e., shared 
by ≥ 90% of the metagenomes of each of three conceptual environmental compartments – wastewater (influent, 
sludge, effluent), freshwater, and agricultural soil. The definition of resistome signatures would support the 
proposal of a framework for monitoring treatment efficacy and assessing the impact of treated wastewater 
discharge into the environment, such as freshwater and agricultural soil. 

Metagenomic data from 163 samples originating from wastewater (n = 81), freshwater (n = 58), and agri-
cultural soils (n = 24) across different regions (29 countries, 5 continents), were analysed regarding antibiotic 
resistance diversity, based on annotation against a database that merged CARD and ResFinder databases. The 
relative abundance of the total antibiotic resistance genes (corresponding to the ratio between the antibiotic 
resistance genes and total reads number) was not statistically different between raw and treated wastewater, 
being significantly higher than in freshwater or agricultural soils. The latter had the significantly lowest relative 
abundance of antibiotic resistance genes. Genes conferring resistance to aminoglycosides, beta-lactams, and 
tetracyclines were among the most abundant in wastewater environments, while multidrug resistance was 
equally distributed across all environments. The wastewater resistome signature included 27 antibiotic resistance 
genes that were detected in at least 90% of the wastewater resistomes, and that were not frequent in freshwater 
or agricultural soil resistomes. Among these were genes responsible for resistance to tetracyclines (n = 8), 
macrolide-lincosamide-streptogramin B (n = 7), aminoglycosides (n = 4), beta-lactams (n = 3), multidrug (n =
2), sulphonamides (n = 2), and polypeptides (n = 1). This comprehensive assessment provides valuable insights 
into the dynamics of antibiotic resistance in urban wastewater systems and their potential ecological implications 
in diverse environmental settings. Furthermore, provides guidance for the implementation of One Health 
monitoring approaches.   

1. Introduction 

Sewage, a major component of urban wastewater, has been identi-
fied as an important source of antibiotic resistance genes (ARGs) of 
human origin (Hendriksen et al., 2019; Munk et al., 2022). The waste-
water treatment, unfortunately not globally available (WHO and 
UN-Habitat, 2022), can only partially remove those biological contam-
inants (Manaia, 2023; Pärnänen et al., 2019). The presence of ARGs in 
treated wastewater has a significant impact on the downstream 

environment, with frequent reports of subsequent contamination of 
receiving rivers, lakes, soils, or wastewater-irrigated vegetables with 
antibiotic resistant bacteria (ARB) and ARGs (Cerqueira et al., 2019; 
Christou et al., 2017; Larsson and Flach, 2022; Manaia, 2023). Under a 
One Health perspective, in which human health cannot be dissociated 
from animal well-being and environmental quality (Hernando-Amado 
et al., 2019), the integrated monitoring of antibiotic resistant bacteria 
and ARGs across distinct environments is fundamental. However, inte-
grated monitoring may be doubly blurred by the ubiquitous occurrence 
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of non-acquired (i.e., not spread by horizontal gene transfer) ARGs and 
by the extremely low abundance of some ARGs in clean environments (e. 
g., disinfected wastewater, soils, vegetables) (Fortunato et al., 2018; 
Manaia, 2023, 2017; Marano et al., 2021). 

Besides the culture-based assessment of antibiotic resistant bacteria, 
metagenomics and quantitative PCR (qPCR) have been proposed for the 
monitoring of ARGs in non-clinical contexts (Keenum et al., 2022; 
Manaia, 2023; Teixeira et al., 2023; The Water Research Foundation, 
2023; Tiwari et al., 2022). While qPCR is a targeted method that allows 
the screening of specific genetic determinants, metagenomics, as a 
non-targeted method, offers a comprehensive overview. When sup-
ported by robust annotation databases, such as those existing for ARGs 
(e.g., CARD (Alcock et al., 2020) and ResFinder (Bortolaia et al., 2020), 
metagenomics permits the detection of hundreds of ARGs and thousands 
of allelic variants (Davis et al., 2023; Ferreira et al., 2023; Munk et al., 
2022). The ever-increasing number of metagenomes deposited in public 
databases is a crucial resource to inform about ARGs biogeography and 
distribution across humans, animals, and the environment (Eckert et al., 
2020; Munk et al., 2022; Pillay et al., 2022). However, unfortunately, 
often, these resources are not supported by reliable metadata (e.g., 
water quality parameters, temperature), which could inform on the 
abiotic conditions that may influence ARGs ecology. An important 
application benefiting from metagenomics data is the possibility of 
customizing ARGs monitoring protocols towards its operation and 
interpretation simplification, with the analysis of a selected group of 
genes (Ferreira et al., 2023; Teixeira et al., 2023). 

In this study, we explored metagenomes available in public data-
bases, therefore covering a wide geographic distribution, aiming the 
definition of a signature resistome, defined based on ARGs that were 
shared by > 90% of each conceptual compartment represented by do-
mestic wastewater (influent, sludge, effluent), freshwater or agricultural 
soil. Our vision is that identifying core and exclusive ARGs in different 
types of environments will facilitate the assessment of wastewater 
treatment efficacy, or the impacts of discharge of treated wastewater in 
the receptor environments (e.g., freshwater, agricultural soil). 

2. Material and methods 

In silico analyses were performed using a full Ubuntu terminal 
environment with Windows Subsystem for Linux (WSL) and Ubuntu 
22.04 LTS from Canonical Group Limited, on a 16 GB RAM computer 
with 8 logical processors. 

2.1. Metagenomes dataset 

The metagenomes search was done using the terms "freshwater", 
"wastewater", and "agricultural soil" in the National Center for 
Biotechnology Information (NCBI) Sequence Read Archive (SRA) 
(accessed on July 25, 2022). Illumina paired-end sequencing data, 
assigned to a Bioproject and supported by metadata (e.g., sample type, 
geography), were selected and categorized as raw wastewater, treated 
wastewater, activated sludge, freshwater, or agricultural soil (Table S1). 
Due to technical limitation, a 50 GB threshold for metagenome sequence 
read archive (SRA) files was established. Redundant samples were dis-
carded by eliminating metagenomes corresponding to the same location 
and assigned to the same Bioproject, selecting the replicate with the 
highest number of reads. 

2.2. Metagenome’s processing and annotation 

The raw metagenomic reads were imported into a KBase narrative 
(Arkin et al., 2018), with the “Import SRA File as Reads From Web” 
(v1.0.7) app and the paired-end reads were merged, which were im-
ported to the local machine in FASTQ format. The reads were aligned 
using KMA (k-mer alignment), a k-mers aligner that allows the trimming 
of the reads and matching of the k-mers between the query and the 

database (Clausen et al., 2018). After, the reads were aligned against two 
ARGs databases, the Comprehensive Antibiotic Resistance Database 
(CARD, accession date June 14, 2022, with 4634 sequences) (Alcock 
et al., 2020) and the ResFinder database (accession date June 14, 2022, 
with 3153 sequences) (Bortolaia et al., 2020). To avoid redundant an-
notations, in which distinct names were attributed to the same nucleo-
tide sequence, a merged database that combined CARD and ResFinder 
databases was prepared for this study. To merge both databases, the 
respective sequences were organized into clusters using the CD-HIT-est 
in default mode, with a nucleotide sequence identity threshold of 90% 
(Huang et al., 2010). By clustering the ARGs sequences using 
CD-HIT-est, most of the allelic variants of the same ARG were grouped in 
the same cluster, being the longest selected as cluster reference 
(Table S3). This approach contributed to overcoming the existence of 
distinct ARG annotations with homotypic synonyms in both databases 
and, therefore, simplified the definition of signature resistomes. 

The databases, individually or merged, were indexed to KMA for the 
alignment of the raw reads using the command line “kma -ipe *.fastq.1 *. 
fastq.2 -o *_kma -t_db -t 8 -1t1 -mem_mode -ef”, with the parameters: 
paired-end files (-ipe), because the metagenomes were sequenced with 
paired-end Illumina; force each query sequence to match to only one 
template (-1t1), to avoid overestimation; ConClave algorithm carried 
out based on the mapping scores rather than alignment scores (-mem_-
mode), to use less memory; generation of a mapstat file with extended 
features (-ef), needed to calculate the ARGs relative abundance further. 
The k-mer length was set to default (https://gensoft.pasteur.fr/docs/km 
a/1.2.22/KMAspecification.pdf). To guarantee an accurate annotation, 
avoiding fragile alignments based on short hits, only sequences that 
aligned with the template by > 200 bp were considered. 

For resistome analysis, both databases CARD and ResFinder queried 
independently, or merged (CARD + ResFinder) were considered. The 
ARGs were classified according to the respective annotation in the 
database, referring to resistance phenotypes and ARGs classes: amino-
glycosides, amphenicols, beta-lactams, disinfectants, fluoroquinolones, 
MLSB (macrolides-lincosamide-streptogramin B), multidrug, poly-
peptides, sulphonamides, tetracyclines, and other (including amino-
coumarins, ansamycins, bicyclomycin, diaminopyrimidines, elfamycins, 
fosfomycins, fusidanes, glycopeptides, macrolides, mupirocin, nitro-
imidazoles, nucleosides, rifamycins, triterpenes). The relative abun-
dance of ARGs, or ARGs classes, was calculated based on the number of 
annotated reads versus the total number of reads, as indicated in each 
figure or output. As a complement, the number of 16S rRNA gene reads 
and the taxonomic annotation were determined for each metagenome. 
The SILVA rRNA database version 111 (Quast et al., 2013) was pro-
cessed with SortMeRNA to obtain a representative 16S rRNA database 
(Kopylova et al., 2012), and the metagenome raw reads were annotated 
based on the alignment against the SILVA rRNA reference database, 
using KMA (Clausen et al., 2018), and with Kaiju app (Menzel et al., 
2016) against the NCBI BLAST nr (no Euks) database. 

2.3. Resistome analysis and resistome signature 

The first step to define a resistome signature consisted of searching 
for ARGs that were present in at least 90% of the metagenomes of a given 
type of sample (core resistome of wastewater, freshwater, or agricultural 
soil). To minimize the chance of false negative results were also iden-
tified the ARGs present in at least 75% of the metagenomes. To analyse 
the ARGs annotation distribution a Python pipeline was developed, 
using scripts available on GitHub at https://github.com/pg42866/M 
etagenomic-Analysis (Fig. S1). The core resistomes were determined 
based on the merged database (CARD + ResFinder), and also based on 
each database individually. 

A wastewater ARGs signature included ARGs present in the waste-
water core resistome but that were absent from the freshwater or agri-
cultural soil core resistomes. This selection of wastewater ARGs included 
clusters of sequences (>90% sequence identity). When the cluster was 
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composed by multiple sequences a representative consensus sequence 
was created by multiple sequence alignments using the EMBL-EBI 
Clustal Omega tool (McWilliam et al., 2013), and the consensus 
sequence designed with the EMBL-EBI Emboss Cons tool (McWilliam 
et al., 2013) using default settings. For verification of the ARGs signa-
tures, the ARGs consensus sequences were aligned against the meta-
genomes examined in this study using the KMA aligning method 
(Clausen et al., 2018), and against the freshwater, soil, and 
human-associated metagenomes available at the MGnify database (https 
://www.ebi.ac.uk/metagenomics) using the MGnify sequence search 
tool. Following the criteria used by CARD-RGI, a Bit-score cut-off 
(blastP) of 500 was defined. An ARG was confirmed as a suitable 
biomarker candidate when the consensus sequence was not identified in 
more than 40% of the freshwater and agricultural soil metagenomes 
under study (Fig. S5) or gave a Bit-score (blastP) above the cut-off value 
against the MGnify freshwater and soil databases. ARGs that gave poor 
matches (blastP Bit-score <500) against human associated meta-
genomes during the validation against the MGnify database were also 
excluded. 

3. Results 

3.1. ARG and taxonomic profiling of wastewater, freshwater, and 
agricultural soils 

The dataset generated for the study included a total of 163 meta-
genomes from the following environments: wastewater (n = 81; 30 
influent, 21 effluent, and 30 sludge); freshwater (n = 58); and agricul-
tural soil (n = 24) (Table S2), with origin in 29 countries and five 
continents (Fig. 1). The number of reads ranged from 0.7 to 370 million 
reads in wastewater (1.3–60 million reads for influent; 1.4–46 million 
reads for effluent; 0.7–370 million reads for sludge), 1.2–284 million 
reads in freshwater and 3.5–321 million reads in agricultural soil 
(Table S2). The 16S rRNA gene was annotated in these metagenomes as 

a simplified method to assess bacteria diversity. The relative abundance 
(per total number of reads) of this gene was similar for all the meta-
genomes, in the order of magnitude of − 5 log-units. The taxonomic 
annotation was dominated by the phylum Pseudomonadota, mainly the 
classes Alpha-, Beta-, and Gammaproteobacteria, in all types of samples 
(Fig. 2a and b), although with significant differences between samples 
(Table S4). Bacteroidota was the second most prevalent phylum (p <
0.01) in sludge, freshwater, and agricultural soil, while Actinomycetota 
was the second most prevalent in wastewater influent, and effluents. 

The ARGs annotation for the 163 metagenomes against the two da-
tabases, including allelic variants, yielded 1670 genes against CARD 
database and 1413 against ResFinder database. Resistance to amino-
glycosides, beta-lactams, multidrug, tetracyclines, and macrolide- 
lincosamide-streptogramin B (MLSB) were among the most prevalent 
classes in both cases (Fig. 2c and d and Fig. S2). The abundance of ARG 
reads relative to the total number of reads was not significantly different 
(p-value >0.01) in influent and effluent wastewater, for both ResFinder 
and CARD annotations (Fig. 3a and c, Table S6). Accordingly, the ratio 
of ARG per 16S rRNA gene reads (referring to total bacteria) was also not 
significantly different in effluent and in influent wastewater meta-
genomes (Fig. 3b and d). As expected, freshwater environments pre-
sented the significantly lowest relative abundance of ARGs (in terms of 
total reads), although not significantly lower than the wastewater 
effluent in terms of ARGs relative abundance per 16S rRNA gene 
abundance. Agricultural soils presented significantly lower relative 
abundance (per total reads and 16S rRNA gene) of putatively acquired 
ARGs than wastewater influent, according to the ResFinder annotation. 
However, the same was not observed for the total resistome (CARD 
annotation), in which agricultural soils were only significantly different 
from freshwater (Fig. 2). Because CARD includes both intrinsic and ac-
quired ARGs, it was observed a dominance of genes associated with 
multidrug efflux pumps, some of them intrinsic in certain taxonomic 
groups, in all samples, leading to a limited discrimination of the resis-
tomes. In contrast, ResFinder mainly includes ARGs associated with 

Fig. 1. Global geographic distribution of the selected metagenomes according to the origin (influent, effluent, sludge, freshwater, or agricultural soil).  
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acquired resistance, being observed a higher diversity of antibiotic 
resistance classes with a predominance of beta-lactam, MLSB and 
tetracycline resistance genes (Fig. 2c). The significantly lower relative 
abundance of beta-lactam resistance genes clearly differentiated soils 
from (waste)water, while a lower relative abundance of tetracycline and 
higher relative abundance of disinfectant genes distinguished 

freshwater from all other sample types (Fig. 2c). 
The relative abundance per total read patterns of ARGs organized by 

drug family (Fig. S2), shows that across wastewater samples a pattern/ 
signature was identified after organizing/grouping the ARGs by drug 
family (characterized by a higher relative abundance of aminoglyco-
sides, beta-lactams, MLSB, and tetracyclines resistance genes), while the 

Fig. 2. Taxonomic and ARGs profiles for influent, sludge, effluent, freshwater, and agricultural soil. Average relative abundance for the taxonomic annotations of the 
raw metagenomes using Kaiju at the Phylum (a) and class (b) level. Average relative abundance (reads per total number of reads) for the top 10 most abundant ARGs 
classes, based on the ResFinder (c) and CARD (d) annotations. (the statistical analysis results are detailed in Tables S4 and S5). 

Fig. 3. Boxplots of the ARGs profile in terms of ARGs reads relative abundance per total number of reads considering the ResFinder annotation (a) and the CARD 
annotation (c), and ARGs reads per 16S rRNA gene reads for the ResFinder annotation (b) and CARD annotation (d). α,β,γ indicate the statistical differences (p <
0.01) between types of samples (detailed p-values in Table S6). 
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receiving environments do not show a defined profile. This can be a 
consequence of fewer ARG classes represented in the receiving envi-
ronments. While the wastewater metagenomes have a median number 
of 11 ARG classes (ranging from 6 to 11 in the influent and sludge, and 
1–11 in the effluent), the agricultural soil metagenomes have 7 (ranging 
from 1 to 10), and the freshwater metagenomes a median of 4.5 (ranging 
from 1 to 11) ARG classes, considering the ResFinder annotation 
(Fig. S2a). For 19% of the freshwater metagenomes (11 out of 58) only 
one ARG class was detected, which could be due to the lower ARG load 
of these samples. This lower ARGs richness and diversity is also reflected 
in a lower dispersion of the freshwater and agricultural soil samples in a 
Principal Component Analysis (Figs. S3a and S3b). The agricultural soil 
and freshwater metagenomes cluster together and apart from most of the 
wastewater metagenomes. This same trend was not observed for the PCA 
based on the taxonomic annotation (Figs. S3c and S3d). 

According to the CARD annotation, in treated wastewater the rela-
tive abundance (per total reads number) of ARGs associated with 
polypeptides and tetracyclines resistance was significantly lower (p <
0.01) than for the raw influent (Fig. 2d–Table S5). In opposition, the 
relative abundance of multidrug resistance genes was significantly 
higher in treated wastewater. However, it must be noted that in the 
CARD annotation, >40% of the ARG reads corresponded to that class. 
Part of these genes are intrinsic efflux systems, possibly involved in 
housekeeping processes (Zhang and Feng, 2016). In comparison to 
freshwater, effluents presented higher (p < 0.01) relative abundance 
(per total number of reads) of genes associated with aminoglycosides, 
beta-lactams, and tetracyclines resistance than the freshwater, accord-
ing to CARD annotation (Fig. 2d; E vs F in Table S5). Agricultural soils 
presented lower relative abundance (per total reads number) of ARGs for 
beta-lactams and sulfonamides, according to both CARD and ResFinder 
annotations (Fig. 2c and d; E vs A in Table S5). Interestingly, according 
to the ResFinder annotation other significant differences were observed, 
especially with soils presenting a higher relative abundance of genes 
related to resistance to fluoroquinolones (Fig. 2, Table S5). 

3.2. Identifying core ARGs and proposing resistome signatures 

The ARGs that were present in at least 90% of metagenomes of each 
type of sample, were further investigated aiming at defining sample- 
specific signatures. The number of signature ARGs varied according to 
the database used, being 25 with ResFinder (all core in wastewater 
samples - 23 in influent, 8 in sludge, 7 in effluent) and 50 with CARD (40 
in influent, 20 in sludge, 12 in effluent, and 12 in agricultural soil) 
(Fig. S4). To avoid this difference resulting from the different content of 
the two databases and, in some cases, also different annotations, we 
merged the two databases (CARD + ResFinder), which led to the iden-
tification of 1278 clusters of ARGs sequences with >90% similarity 
(Table S3). Of those, 579 clusters contained a single sequence, from one 
of the databases. Considering the annotation with the merged database 
(CARD + ResFinder), 52 ARGs clusters were observed to be resistome 
signatures in at least one type of sample (42 in influent, 21 in sludge, 13 
in effluent, and 12 in agricultural soil) (Fig. 4). CARD being the most 
comprehensive database, the merged result is close to the one obtained 
with CARD. However, two of the signatures were only detected via 
ResFinder – cluster 379 (msrD) and cluster 273 (mefA) (Fig. S4 and 
Table S3). 

The core wastewater resistome was observed to be richer than that of 
freshwater or agricultural soil. While 49 ARGs clusters were identified in 
>90% of the wastewater metagenomes, only 12 ARGs clusters were 
common in 90% of agricultural soil metagenomes and none in fresh-
water metagenomes (Fig. 4). Considering the wide diversity of meta-
genomes examined, produced from samples collected in different 
geographies, in distinct occasions and with different equipment, the 
variability observed may be influenced also by technical and method-
ological factors. To avoid misinterpretations or underestimations, we 
also highlighted the ARGs clusters that were identified in at least 75% of 

the metagenomes (highlighted in orange in Fig. 4 and Fig. S4). For 
sludge and effluent samples, most of the ARGs signatures identified for 
the raw influent were also identified in those samples, if not in 90% in 
75% of the metagenomes. In the freshwater samples, that presented the 
highest variability (Fig. S2), with the cut-off of 75% it was possible to 
identify 5 possible ARGs signatures – cluster 701 (rpoB), 702 (rpoB2), 
706 (mexF), 715 (axyY), and 718 (muxB) (Fig. 4). Most of the signatures 
found for agricultural soil samples were also identified for the other 
types of sample, mainly wastewater – clusters 701 (rpoB), 702 (rpoB2), 
706 (mexF), 714 (mexB), 715 (axyY), 718 (muxB), 725 (muxC), 729 
(ceoB), and 731 (mexK). Most of them are associated with intrinsic 
resistance. In addition, three gene clusters were identified as exclusive 
signatures for agricultural soil: clusters 379 (rphA), 959 (vanS), and 
1151 (vanR) (Fig. 4). 

3.3. Proposal of ARGs wastewater biomarkers 

The objective of this work was to identify ARGs signatures and based 
on these, identify possible biomarkers, i.e. genes that can be used as 
measurable parameter to indicate the antibiotic resistance load, for 
purposes such as monitoring wastewater treatment efficacy or assessing 
the impact of treated wastewater discharge into the receiving environ-
ments. For that, suitable biomarkers need to be genes that are common 
in wastewater but not in the receptor environments. To identify the 
genes candidates to biomarkers, ARGs observed as core in at least one of 
the wastewater metagenomes (influent, sludge, and/or effluent) but not 
in more than 75% of the freshwater and/or agricultural soil meta-
genomes were selected. This procedure reduced the list to 37 gene 
clusters that were considered as possible wastewater biomarkers 
(Table 1). The list encompasses genes associated with resistance to 
different classes of antibiotics, such as aminoglycosides (e.g., ant(3″), 
aadA, aac(6′), aph, acrD), aminocoumarins (mdtB), beta-lactams (blaTEM 
and blaOXA), disinfectants (qacH, qacL, qacE), fluoroquinolones (aac(6’)- 
Ib-cr, emrB), MLSB (ermB, ermF, mefA, mphA, mphE, mrsD, msrE), 
multidrug (mel, acrB, smeB, mexI, mdtP), polypeptides (eptB), sulpho-
namides (sul1 and sul2), and tetracyclines (e.g., tetA, tetC, tetG, tetQ, 
tetM, tetO, tetX) (Table 1). 

Because we worked with clusters of highly similar sequences, for 
each gene cluster of the candidate biomarker genes was defined a 
representative consensus sequence (Table S7). The definition of these 
representative sequences facilitates the definition of protocols for 
monitoring, for example based on quantitative methods for which it is 
necessary to design primers. We used the consensus sequences, or the 
sequence of single-sequence clusters, to do a cross-validation aligning 
those sequences against the metagenomes under study (Fig. S5) and a 
largest metagenomes database (EMBL-EBI MGnify) (Table S8), to vali-
date that the selected genes are common in wastewater or human- 
associated samples but not in freshwater or agricultural soil. From the 
cross-validation 27 out of the 37 genes were validated as possible 
biomarker candidates. The remaining 10 were excluded because: i) they 
were well identified in freshwater and/or soil metagenomes, using a 
larger database or presented a high frequency (>40%) in the agricul-
tural soil metagenomes used in this study; or ii) they were not well 
identified in human-associated metagenomes in a largest metagenomes 
database (Table 1). 

4. Discussion 

In this study, we aimed to use metagenomics data available in public 
databases, covering a broad geographic diversity, to investigate if we 
could identify antibiotic resistome signatures, i.e., ARGs sets that can be 
considered characteristic of wastewater, not detected in freshwater or 
agricultural soil (Manaia, 2023; Teixeira et al., 2023). We had a double 
interest in providing further insight into antibiotic resistance ecology, 
including regarding risks of transmission to humans (Zhang et al., 2021) 
and in recommending possible monitoring approaches (Tarek and 
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Fig. 4. Core resistomes based on the annotation of the influent (n = 30), sludge (n = 30), effluent (n = 21), freshwater (n = 58), and agricultural soil (n = 24) 
metagenomes using the merged database (CARD + ResFinder). In purple are indicated the genes of the core resistome (identified in ≥90% of the metagenomes) and 
in orange the ones identified in 75–89% of the metagenomes. On the right side are indicated the ARGs classes and the databases (DB) from where the sequences 
present in the cluster were collected, CARD (C) or ResFinder (Rf). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 
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Garner, 2023; Teixeira et al., 2023; Zhang et al., 2020). 
The wastewater core resistome has been investigated. Raza et al. 

(2022) used shotgun metagenomics to study the core resistome of 
wastewater samples (influent and effluent samples of twelve urban 
WWTPs from major cities in South Korea), and identified 16 ARGs as the 
major core genes. de Nies et al. (2022) also used shotgun metagenomics 
to analyse the resistome of a municipal biological WWTP, sampled 
weekly over 1.5 years, having observed that a core group of 15 antibiotic 
resistance categories was found across all time points. Recently, Teixeira 
et al. (2023) tested candidate biomarkers, based on qPCR, aiming to 
monitor ARGs that may suggest the degree of anthropogenic contami-
nation of wastewater and downstream environments. Tarek and Garner 
(2023) identified indicator ARGs, based on published metagenomic 
sequencing data, and developed a framework to identify indicator ARGs 
that incorporated their clinical and environmental relevance, 

abundance in wastewater, geographic ubiquity, ARG mobility and as-
sociation with mobile genetic elements, and the availability of quanti-
tative analytical methods for monitoring (Tarek and Garner, 2023). In 
our study, we aimed to overcome some of the constraints observed in 
these studies, such as: i) the reduced number of samples or absence of 
comparison with other environments, by reusing metagenomics data 
available in public databases for the different environments (waste-
water, freshwater, and agricultural soil) and from different geographies; 
and ii) the use of a single ARGs annotation database, by querying two of 
the most comprehensive ARGs annotation databases (CARD and Res-
Finder) that were merged to uniformize genes nomenclature. 

The ARGs richness was directly related to the expected anthropo-
genic pollution gradient (influent > sludge > effluent > agricultural soil 
> freshwater), as also described by other authors (Di Cesare et al., 
2023). This gradient was also reflected in the number of ARGs belonging 

Table 1 
List of ARGs selected as possible wastewater biomarkers, organized by ARG class, with the validation result. A validated biomarker consists of a gene that was observed 
to be common in wastewater or other human-associated metagenomes, but not in freshwater or agricultural soil metagenomes. (detailed information about the se-
quences in each cluster available in Table S3).  

ARG Class Cluster 
no. 

No. sequences in 
the clustera 

Reference Gene (acc. 
number) 

Genes/genes variants in the cluster Validated as a biomarker? (if No, 
why) 

Aminoglycosides 58 20 (7 C, 13 Rf) ant(3″)-IIa (X02340.1) ant(3″)-IIa, ant(3″)-Ia, aadA variants Yes 
75 16 (7 C, 9 Rf) aadA2_1 (NC_010870) aadA variants Yes 
68 17 (9 C, 8 Rf) ant(3″)-Ii-aac(6′)-IId 

(AF453998.2) 
ant(3″)-Ii-aac(6′)-IId, aac(6′)-Ib variants, aadA 
variants 

No (poorly detected in human 
associated metagenomes) 

155 6 (1 C, 5 Rf) aph(6)-Id (AF024602.1) aph(6)-Id variants Yes 
158 6 (1 C, 5 Rf) aph(3″)-Ib (AF313472.2) aph(3″)-Ib variants Yes 
723 1 (C) acrD (AP009048.1) acrD No (detected in freshwater or soil 

metagenomes) 
Aminoglycosides/ 

Fluoroquinolones 
66 18 (12 C, 6 Rf) aac(6′)-Ib7 

(KR091911.1) 
aac(6′)-Ib variants, aac(6′)-Ib-cr variants No (poorly detected in human 

associated metagenomes) 
Aminocoumarin 720 1 (C) mdtB (U00096.1) mdtB No (detected in freshwater or soil 

metagenomes) 
Beta-lactams 2 381 (198 C, 183 Rf) blaTEM-126 (AY628199.1) blaTEM variants Yes 

16 65 (39 C, 26 Rf) blaOXA-836 

(NG_065881.1) 
blaOXA variants Yes 

32 36 (20 C, 16 Rf) blaOXA-539 

(NG_052064.1) 
blaOXA variants Yes 

Disinfectants 280 3 (1C, 2 Rf) qacH_1 (FJ172381) qacH, qacL No (poorly detected in human 
associated metagenomes) 

343 3 (2C, 1 Rf) qacEdelta1 (U49101.1) qacE variants No (poorly detected in human 
associated metagenomes) 

Fluoroquinolones, 
Multidrug 

374 2 (C) emrB (U00096.1) emrB, Kpne_KpnH No (detected in freshwater or soil 
metagenomes) 

MLSB 76 16 (1 C, 15 Rf) ermB_18 (X66468) ermB variants Yes 
233 4 (1 C, 3 Rf) ermF (M17124.1) ermF variants Yes 
273 3 (Rf) mefA (HG423652) mefA variants Yes 
458 2 (1 C, 1 Rf) mphA_2 (U36578) mphA variants Yes 
293 3 (1C, 2 Rf) mphE (DQ839391.1) mphE variants Yes 
379 2 (Rf) msrD_2 (AF274302) msrD variants Yes 
378 2 (1 C, 1 Rf) msrE (EU294228.1) msrE Yes 

Multidrug, MLSB 394 2 (1 C, 1 Rf) mel (AF227521.1) mel, mefA Yes 
Multidrug 711 1 (C) acrB (U00096.3) acrB No (detected in freshwater or soil 

metagenomes) 
712 1 (C) smeB (AF173226.1) smeB No (detected in freshwater or soil 

metagenomes) 
728 1 (C) mexI (AE004091.2) mexI No (detected in freshwater or soil 

metagenomes) 
808 1 (C) mdtP (AP009048.1) mdtP Yes 

Polypeptides 770 1 (C) eptB (FO203501.1) eptB Yes 
Sulphonamides 33 34 (1 C, 33 Rf) sul1 (DQ914960) sul1 variants Yes 

59 20 (1 C, 19 Rf) sul2 (HM486907) sul2 variants Yes 
Tetracyclines 128 7 (1 C, 6 Rf) tet(A) (AF534183.1) tet(A) variants Yes 

206 4 (1 C, 3 Rf) tet(C) (AY043299.1) tet(C) variants Yes 
207 4 (1 C, 3 Rf) tet(G)_3 (S52437) tet(G) variants Yes 
172 5 (1 C, 4 Rf) tet(Q) (Z21523.1) tet(Q) variants Yes 
77 15 (1 C, 14 Rf) tet(S/M)_1 (HM367711) tet(S/M), tet(M) variants Yes 
118 8 (2 C, 6 Rf) tet(O) (M18896.2) tet(O) variants, tet(O/M/O), tet(O/32/O) 

variants 
Yes 

61 19 (5 C, 14 Rf) tet(W) (AJ222769.3) tet(W) variants, tet(W/N/W), tet(O/W) 
variants, tet(O/W/O) variants, tet(W/32/O), 

Yes 

130 7 (3 C, 4 Rf) tet(X) (M37699.1) tet(X) variants Yes  

a Number of sequences from CARD (C) and from ResFinder (Rf). 
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to the core resistome of the different environments. In this study, we 
found core resistomes with distinct profiles for the different sample 
types (wastewater and agricultural soil), although with some co-
incidences (Fig. 4). For freshwater were not identified ARGs for >90% of 
the metagenomes analysed. Among the 12 agricultural soil core ARGs, 
nine were also core in wastewater. The exceptions were the genes rphA, 
vanS, and vanR, exclusive of the agricultural soil metagenomes. Van-
comycin resistance genes were previously described as part of the core 
resistome of cropland soil (Du et al., 2020). Regarding the wastewater 
resistome, more genes were identified as belonging to the core resistome 
for the influent samples than for the sludge or effluent samples. This is 
certainly a consequence of the capacity of wastewater treatment to 
remove bacteria. Indeed, wastewater treatment has been associated with 
an increase in the ARGs hosts diversity, reflected in a broad diversity of 
plasmid recipient bacteria (Jacquiod et al., 2017). Also, previous studies 
have already described a higher similarity, in terms of bacterial com-
munities and ARGs profiles, for the wastewater before treatment 
(influent) than after treatment (effluent), even when considering the 
same WWTP (Bengtsson-Palme et al., 2016; Lira et al., 2020). 

There is a wide range of shared ARGs across the WWTP continuum 
(Quintela-Baluja et al., 2019). In our study, considering the ARGs pre-
sent in the core resistome (>90% of the analysed metagenomes for each 
type of sample), it was observed that 38% of the ARGs in influent were 
detected also in activated sludge, and that 52% of the ARGs found in 
activated sludge were present in the final effluent core resistome. In a 
recent study, it was concluded that around 50% of the ARGs in the 
influent remained in activated sludge, and about 85% of the remaining 
ARGs in the sludge were carried over to the effluent (Honda et al., 2023). 
In a few cases, we identified core genes in sludge or effluent meta-
genomes that were not observed in the influent core. Mostly, they were 
in at least 75% of the influent metagenomes, but did not reach 90%, 
except for the gene ceoB, a cytoplasmic membrane component of the 
CeoAB-OpcM efflux pump. (Fig. 4). This may be related to a lower 
relative abundance in the influent samples and an increase after the 
treatment due to selective pressures, making the detection easier. This 
was previously described for other ARGs (Manaia et al., 2018; Wang 
et al., 2022). 

Most of the core ARGs in wastewater were annotated as being 
associated with resistance to aminoglycosides, MLSB, tetracyclines, and 
multidrug. de Nies et al. (de Nies et al., 2022), based on an extended 
sampling (1.5 years) of a biological WWTP, described the categories 
aminoglycosides, beta-lactam, and multidrug, followed by tetracycline 
and MLSB as being persistent over time. Li et al. (2018), although not 
using the definition of core resistome, also defined those categories as 
the most represented in activated sludge from urban wastewater treat-
ment plant metagenomes, considering 59 metagenomes. Surprisingly, 
we did not identify beta-lactam resistance genes among the most rep-
resented ARGs in the wastewater core resistome. We believe that this is a 
consequence of the high genetic diversity within each beta-lactam 
resistance gene family (>5480 sequences, in 360 clusters, considering 
the merged CARD + ResFinder database), reducing the probability of 
coincidence among metagenomes, together with the methodological 
approach we used of create gene clusters based on the sequence simi-
larity instead of gene family. For example, the blaCTX-M gene variants 
were divided among eight gene clusters (clusters number 5, 8, 27, 44, 
116, 151, 218, and 459) (Table S3). However, the definition of gene 
clusters based on sequence similarity is critical when defining putative 
biomarkers. As putative wastewater contamination biomarkers we only 
considered signature resistome ARGs, which are present in >90% 
wastewater samples (influent, sewage, or effluent) but that are not part 
of the core resistome of freshwater and agricultural soil, possible re-
ceptor environments. Among the latter environments, freshwater did 
not yield a core resistome and in agricultural soil, most of these were 
associated with multidrug resistance (Fig. 4). Interestingly, all those 
genes were annotated with the CARD database, highlighting the 
importance of using multiple databases for ARGs annotation. 

CARD and ResFinder are two of the most comprehensive curated 
ARGs databases. However, the inconsistency of ARGs nomenclature 
between both databases can cause some hurdles in the results inter-
pretation. In this work, we surpassed this problem by merging CARD and 
ResFinder databases into a common nomenclature, based on sequences 
similarity clusters to enable the definition of resistomes signatures. From 
the ARGs profiles (Fig. 2c and d, and Fig. S2) we can conclude that 
ResFinder was better annotating the categories beta-lactams and MLSB, 
while CARD mostly identified multidrug resistance. This observation 
was previously described (Lal Gupta et al., 2020), and mostly results 
from the fact that beta-lactams and MLSB resistance genes are mainly 
acquired genes, while multidrug resistance genes are frequently chro-
mosomal (Che et al., 2019). 

The wastewater ARGs signature was established based on the core 
resistome, comprising 49 ARGs for wastewater and 12 for agricultural 
soil (Fig. 4). The wastewater core ARGs that were not part of the agri-
cultural soil core, constituted the 37 ARGs signature for wastewater 
from which it was possible to select monitoring biomarker candidates 
(Fig. S5, Table 1). After a cross-validation against a larger metagenomes 
database, 10 out of the 37 ARGs were considered as inadequate candi-
dates because they were not frequently detected in human-associated 
metagenomes or were frequently detected in freshwater or soil meta-
genomes (Table 1, Table S8). This information can be used to design 
monitoring approaches, for example targeted quantitative PCR (qPCR), 
for a reduced number of ARGs. Our work proposes 27 biomarkers spe-
cific for wastewater that can be used for risk assessment to monitor 
wastewater and wastewater impacted environments (e.g. agricultural 
soil and pristine water bodies) (Table 1). From those 27 possible bio-
markers, at least 14 (ant(3″)-Iia; aadA; aph(3″)-Ib; ermB; ermF; mel; sul1; 
sul2; tetA; tetC; tetG; tetO; tetW; tetX) were previously described as good 
wastewater biomarkers (Manaia, 2023; Tarek and Garner, 2023; Teix-
eira et al., 2023; Zhang et al., 2020). Some of those genes (e.g. sul1) may 
also be reported in pristine environments, but are markedly more 
abundant in human impacted environments (Pruden et al., 2012). Our 
results mostly (5 out of the 7 ARGs proposed) validate the biomarkers 
recently proposed by Teixeira et al. (2023). The authors, however, used 
a different approach based on the validation of the absence in clean 
environments of a group of 60 pre-selected antibiotic resistance and 
housekeeping genes and mobile genetic elements (MGEs) that have been 
frequently associated with anthropogenic impact, have been classified 
as being clinically relevant, and/or observed to occur in wastewater 
environments. In this way, our study contributes to enlarge the number 
of wastewater biomarkers that can be used to monitor the impact that 
the discharge of wastewater may have in the receptor environments. 
Also, this study confirms that wastewater contains ARGs that are sel-
domly observed in pristine sources and that a large fraction (26/49) of 
these can be spread to the environment via biosolids (sludge) or 
effluents. 

5. Conclusions 

Based on two ARGs databases (CARD and ResFinder), our study 
successfully defined the profiles of the core resistome of wastewater 
(influent, sludge, and effluent) and agricultural soil. Wastewater core 
resistome was dominated by ARGs conferring resistance to amino-
glycosides, MLSB, tetracyclines, and multidrug, while multidrug resis-
tance ARGs dominated agricultural soil core resistome. The freshwater 
resistome is the poorest and least conserved, hindering the definition of 
a core resistome (ARGs present in >90% of the freshwater samples). 

After solving the problem of non-coincident nomenclatures, by 
analyzing the merged (CARD + ResFinder) databases’ gene clusters, 
using the two databases proved to be the best approach to increasing the 
coverage of the ARGs nomenclature. Our work again highlights the 
importance of unifying ARGs nomenclature across databases for a more 
accessible data comparison and integration. 

Overall, metagenomics data analysis proved to be an excellent 
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approach to define the environmental resistomes and allowed to define 
27 ARGs as wastewater biomarkers (ant(3″)-Iia, aadA2, aph(6)-Id, aph 
(3″)-Ib, blaTEM-126, blaOXA-836, blaOXA-539, ermF, mphE, msrE, mphA, msrD, 
mefA, ermB, mdtP, mel, eptB, sul1, sul2, tetW, tet(S/M), tetA, tetX, tetQ, 
tetC, tetG, and tetO). Those biomarkers can be an essential tool for 
tracking the emergence and dissemination of antibiotic resistance in the 
receptor environments due to wastewater discharge, a critical step in 
safeguarding both environmental health and human well-being. 
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Fick, J., Kristiansson, E., Tysklind, M., Larsson, D.G.J., 2016. Elucidating selection 

processes for antibiotic resistance in sewage treatment plants using metagenomics. 
Sci. Total Environ. 572, 697–712. https://doi.org/10.1016/J. 
SCITOTENV.2016.06.228. 

Bortolaia, V., Kaas, R.S., Ruppe, E., Roberts, M.C., Schwarz, S., Cattoir, V., Philippon, A., 
Allesoe, R.L., Rebelo, A.R., Florensa, A.F., Fagelhauer, L., Chakraborty, T., 
Neumann, B., Werner, G., Bender, J.K., Stingl, K., Nguyen, M., Coppens, J., Xavier, B. 
B., Malhotra-Kumar, S., Westh, H., Pinholt, M., Anjum, M.F., Duggett, N.A., 
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