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Profiles of antibiotic resistome risk in
diverse water environments
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The water environment is considered to be a reservoir for antibiotic resistant bacteria and antibiotic
resistance genes. However, profiles of antibiotic resistome risk in different water environments remain
largely underexplored. Here we found that the number, abundance and risk of antibiotic resistance
genes in wastewater, especially slaughterhouse wastewater, were higher than those in natural water.
Then, 6167 high-quality metagenome-assembled genomes were obtained. The main hosts were
Escherichia, Desulfobacter, Citrobacter and Pseudomonas_E, respectively. Moreover, distinct
of patterns of horizontal gene transfer were observed in different microbes. Overall, microbial
composition and resistance risk varied in different water environments and there was a correlation
between microbial composition and resistome risk. Therefore, models based on microbial
composition were constructed with an accuracy of 86.87 ± 1.18% for predicting the risk of resistance
in unknown water environments, providing an essential reference for dealing with antibiotic-resistant
pollution and for water management.

Water is the most abundant substance on Earth and is essential for sus-
taining life. All living beings, whether plants, animals, or humans, rely on
water for survival. We are surrounded by different water environments,
such as freshwater sources, wastewater treatment plants, and water eco-
systems. The water quality of these environments is directly related to
environmental safety and public health. Understanding the relationships
between these different water environments and public health is critical for
ensuring a safe water supply and preventing waterborne diseases.

The presence of antibiotic-resistant microorganisms in the water
environment has become a growing concern. The emergence and spread of
antibiotic resistance pose a major threat to public health, limit the effec-
tiveness of antibiotic therapy, and increase the risk of infection. Studies have
shown that different levels of antimicrobial resistance exist in differentwater
environments. Freshwater sources are important water sources for humans;
however, many antibiotic residues and antibiotic resistance genes (ARGs)
have been identified in recent years1–3. Wastewater treatment plants are a
key part of the treatment of wastewater, but studies have shown that anti-
biotic and antibiotic-resistant microorganisms present in wastewater
treatment plants can enter the environment4,5, posing a potential risk to
water ecosystems and public health. In addition, water ecosystems, such as
rivers, lakes, and marine, are important reservoirs of antibiotic-resistant

microorganisms2,6–8, whichmay be transmitted through the food chain and
water cycle. For example, ARGs can travel through different water envir-
onments, such as via surface runoff and groundwater flow, and can ulti-
mately enter the human body, including through drinking water.

The spread of antimicrobial resistance is a complex process involving
multiple factors, including microbial communities, residual antibiotics,
heavy metals, pesticides, mobile genetic elements (MGEs), and physico-
chemical factors9,10. ARGs can be transmitted in the water environment
through a number of pathways, including direct contact in the water,
movement, andmigration ofmicroorganisms in thewater, and interactions
between microorganisms in the water and their hosts11–13. In addition,
human activities, such as the discharge of hospital wastewater, municipal
wastewater, and livestockwastewater, play an important role in the spreadof
antibiotic resistance14–17. Together, these factors accelerate the spread of
ARGs and resistant microorganisms and pose a potential threat to public
health.

Despite the growing interest in the issue of antibiotic resistance in the
water environment, there is still a lack of studies and research in this area. In
particular, there is a dearth of comparative studies on antibiotic resistome
risk in different water environments. In this study, the profiles of antibiotic
resistome risk in different water environments were investigated.
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Understanding the variation in the antibiotic resistome in different water
environments is essential for developing effective strategies to address
resistome risk in water environments and to protect public health.

Materials and methods
Sample collection
A total of 283 water metagenomic samples, including 9 drinking water
samples, 58 groundwater samples, 42 marine samples, 46 municipal was-
tewater samples, 36 slaughterhouse wastewater samples, 32 swine waste-
water samples, 20 duck wastewater samples, and 40 hospital wastewater
samples, were analyzed (Supplementary Table 1). Among them, the natural
water includeddrinkingwater, groundwater, andmarinewater.Wastewater
included municipal wastewater, slaughterhouse wastewater, swine waste-
water, duck wastewater, and hospital wastewater.

Among them, samples of swine wastewater and duck wastewater were
collected in this study. Water samples were collected, pre-treated, and high
throughput sequenced with reference to our previous study10. These was-
tewater samples were preserved in sterile plastic bottles, kept at low tem-
peratures, and transported to the laboratory for pretreatment within 12 h.
Thewastewater was passed through a 0.22 filtermembrane, whichwas used
for DNA extraction and metagenomic sequencing.

Metagenomic assembly and bacterial composition analysis
The quality of the metagenome sequence was controlled using Trimmo-
matic v_0.33 (SLIDINGWINDOW:4:20, MINLEN:50)18. The clean
sequencing data were assembled using MEGAHIT (v1.2.9) software with
the default parameters (k-lists 21, 29, 39, 59, 79, 99, 119 and 141)19. Next,
Prodigal v2.63 was used to predict open reading frames (ORFs)20. CD-HIT
(v4.8.1) was used to cluster ORFs (-c: 0.95, -aS: 0.90)21. Salmon software was
used to calculate gene abundance with default parameters. Salmon com-
bines a new dual-phase parallel inference algorithm and feature-rich bias
models with an ultra-fast read mapping procedure. The bacterial compo-
sition of the different samples was analyzed with Kraken2 software22.
Plasmid sequences were identified using the PLASME tool.

Gene annotation and antibiotic resistome risk analysis
DIAMOND (v2.0.15.153) was used to identify antibiotic resistance genes
(ARGs),mobile genetic elements (MGEs) and virulence factors (VFs) based
on the Comprehensive Antibiotic Resistance Database (CARD v3.2.5),
mobile orthologous groups database (mobileOG-db 1.6 v1) and virulence
factor (VF) database (VFDB_setA, Oct 7, 2022) with the following para-
meters: -e 1e-6, --query-cover 70, and --id 6023–26. ARG-OAP v3.2 was used
to calculate the abundance of ARGs, MGEs, and VFs (normalized to copies
per prokaryotic cell number)27. The MetaCompare pipeline was used to
identify the number of contigs carrying ARGs, MGEs, and pathogen
sequences28. According to the number and proportion of these contigs, the
resistome risk of each sample was calculated using the MetaCompare
pipeline.

Metagenome binning
Contigs longer than 2000 kb were selected for metagenomic binning.
Metagenome-assembled genomes (MAGs) were generated using Meta-
BAT2, MaxBin, and CONCOCT in the MetaWRAP pipeline29. CheckM
software was used to assess the completeness and contamination of these
MAGs30. The MAGs with completeness greater than 50% and contamina-
tion less than10%were used for subsequent analysis. The taxonomyof these
MAGs was classified based on the Genome Taxonomy Database (GTDB,
R214,April 2023) usingGTDB-Tk (v 2.3.2)31. The number ofARGs in these
MAGs was identified using DIAMOND software. MetaCHIP pipeline was
used to analyze horizontal gene transfer.

Machine learning for predicting resistome risk
The resistome risk score (MetaCompare) and microbial composition
(Kraken2) of the 283 water samples were used for machine learning. First,
themissing value ofmicrobial abundancewas input to 0. Then themicrobial

abundance was normalized. The outlier of resistome risk scores was
removed. Five models were used for training, including Decision Tree,
KNN, Naive Bayes, Random Forest, SVM, and XGBoost. Performance
measures were obtained through five-fold cross-validation of the
training data.

Data analysis and presentation
The data were prepared in theWPS office (v12.1). SPASS (v22.0) was used
for significance and correlation analyses. R software (v4.2.2) was used for
plotting the PCoA and heatmap. A phylogenetic tree of MAGs was con-
structed with Interactive Tree Of Life (iTOL, v6.74)32. GraphPad Prism
8 software was used for violin, stacked bar, and column bar plots. Adobe
Illustrator 22.1 was used for the graphic layout. Figures 6A and 7 were
created in BioRender (Yang, Y.,2025, https://BioRender.com/o45u108).

Results
Profile of antibiotic resistance genes in different water
environments
A total of 283 metagenomic samples from different water environments,
including natural water and wastewater, were collected. The natural water
used was drinking water, groundwater, and marine. Wastewater included
municipal wastewater, slaughterhouse wastewater, swine wastewater, duck
wastewater, and hospital wastewater. Significant differences were found in
the ARG composition among the different water environments (Fig. 1A)
(R = 0.6674, P = 0.001). The number of subclasses of ARGs detected in
wastewater was significantly higher than the number of subclasses of ARGs
detected in natural water (82–534 and 2–145, respectively) (Fig. 1B)
(P < 0.01). Differences in the number of ARGs detected between different
wastewaters and between different natural waters were not significant
(P > 0.05). The highest abundance of ARGs was detected in slaughterhouse
wastewater (9.98 ± 1.04 copies/cell number), and the lowest abundance of
ARGs was detected in marine (0.157 ± 0.013 copies/cell number) (Fig. 1C).
The total abundance of ARG inmunicipal wastewater was not significantly
different from that in natural water. The ARG abundance in the other
wastewater was significantly higher than that in the natural water (P < 0.01).
The ARG abundances in the municipal wastewater, drinking water, and
groundwater were 0.767 ± 0.113, 0.705 ± 0.210, and 0.443 ± 0.171 copies/
cell number, respectively. The ARG abundances in duck wastewater, swine
wastewater, and hospital wastewater were 3.762 ± 0.677, 2.104 ± 0.257, and
2.521 ± 0.208 copies/cell number, respectively. The abundance units of
ARGs were then transformed to Transcripts Per Million (TPMs) and the
same results were found, with the highest abundance of ARGs in the
slaughterhouse wastewater (Supplementary Data 1). The dominant ARG
types varied in different water environments (Fig. 1D), with multidrug
resistance genes dominating in groundwater, municipal wastewater,
slaughterhouse wastewater, and hospital wastewater. The dominating The
dominant ARG types in marine and duck wastewater environments were
aminoglycoside and multidrug resistance genes. The dominant ARG types
in swine wastewater were aminoglycoside, MLS, and tetracycline resistance
genes. The dominant ARG types in drinking water were rifamycin and
phosphonic acid resistance genes. These ARGs were mainly attributed to
antibiotic efflux, antibiotic inactivation, and antibiotic target alteration
classesof resistance genes (Supplementary Fig. 1). These results indicate that
the composition of ARGs in different water environments varies sig-
nificantly and that the abundance and number of ARGs in wastewater
(especially slaughterhousewastewater) are significantly higher than those in
natural water (ANOSIM).

Antibiotic resistome risk in different water environments
Then, we assessed the ARG risk in different water environments in terms of
theirmobility and correlationwith pathogens. The abundance ofMGEswas
found to be highest in slaughterhouse wastewater (96.90 ± 8.57 copies/cell
number), which was significantly higher than that in other water environ-
ments (P < 0.01) (Fig. 2A). This was followed by hospital wastewater, duck
wastewater, drinking water, swine wastewater, municipal wastewater and
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groundwater, which had MGE abundances of 65.62 ± 6.55, 56.90 ± 7.01,
39.63 ± 11.56, 32.39 ± 4.62, 24.04 ± 3.73 and 17.67 ± 1.96 copies/cell num-
ber, respectively. The lowest MGE abundance was found in the marine
environment with an abundance of 9.74 ± 0.69 copies/cell number. These
MGEs were mainly distributed in the Integration/excision, Transfer, and
Phage classes of MGEs (Supplementary Fig. 2). And in these water envir-
onments, we also detected different types ofARGs in the plasmid sequences,
further validating the risk of ARGs transfer in the water environments
(Supplementary Data 2). The results for the abundance of VFs were similar
to those of MGEs (Fig. 2B). Again, the abundance of VFs was highest in
slaughterhouse wastewater, followed by hospital wastewater, duck waste-
water, drinking water, swine wastewater, municipal wastewater, and
groundwater. The lowest abundance of VFs was found in marine envir-
onments. These VFs mainly consisted of adherence, immune modulation,
motility, effector delivery system, stress survival, and nutritional/metabolic
factor classes of VFs. Correlation analysis of these MGEs and VFs with
ARGs revealed that tetracycline, phosphonic acid, MLS, and aminoglyco-
side resistance genes were positively correlated with the majority of MGEs
and VFs (Fig. 2C). Peptide and Rifamycin resistance genes were negatively
correlated with most of the MGEs and VFs. Then, we used the Meta-
Comparepipeline to assess the risk to the resistomebasedon the abundance,
mobility, and pathogenicity of ARGs and found that slaughterhouse was-
tewater had the highest resistome risk score (59.56 ± 5.91), followed
by hospital wastewater, municipal wastewater, swine wastewater, ground-
water, duck wastewater, and drinking water (32.54 ± 1.36, 30.61 ± 3.65,

26.87 ± 0.49, 25.73 ± 1.11, 24.66 ± 0.86 and 23.22 ± 1.59, respectively)
(Fig. 2D). The lowest resistome risk score (20.27 ± 0.11) was found in
marine environments.

Bacterial communities in different water environments
Bacteria are important ARG hosts and the main carriers of ARGs.
We analyzed the bacterial communities in different water environ-
ments and found that groundwater had the lowest microbial richness
index (615–4773), which was significantly lower than that in marine
(6050–7081), pig wastewater (6007–7368), duck wastewater
(5978–7316) and hospital wastewater (4582–6116) (Fig. 3A). The
richness indices in the drinking water and slaughterhouse wastewater
were 3590–5945 and 1899–6136, respectively. PCoA of the bacterial
communities revealed that the microbial composition in marine
differed significantly from that in other water environments (Fig. 3B).
The differences in microbial composition in other water environ-
ments were not significant. The major phylum in these water
environments was Proteobacteria (0.445–0.688), followed by Firmi-
cutes (0.02–0.30), Actinobacteria (0.05–0.29), and Bacteroidetes
(0.03–0.22) (Fig. 3C). The relative abundance of Bacteroidetes
in marine environments was significantly higher than that in
other water environments (P < 0.05). The relative abundance of Fir-
micutes in slaughterhouse wastewater, duck wastewater, and swine
wastewater was significantly higher (P < 0.05) than that in other
water environments. Correlation analysis of bacterial phyla with the
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abundance of different types of ARGs revealed that Proteobacteria,
Firmicutes, Actinobacteria, and Bacteroidetes were positively corre-
lated with each of the four types of ARGs (Fig. 3D). Proteobacteria
were associated with MLS, multidrug, beta-lactam and peptide
resistance genes. Firmicutes were positively correlated with tetra-
cycline, MLS, beta-lactam, and aminoglycoside resistance genes. The
abundance of Actinobacteria was positively correlated with the ARGs
related to tetracycline, MLS, phosphonic acid, and rifamycin-like
resistance.

Hosts of antibiotic-resistance genes in different water
environments
To further explore the relationship between microbial communities and
ARGs, a total of 6167 high-quality MAGs were assembled using meta-
genomic binning from different water environment samples with greater
than 50% genome integrity and less than 10% contamination (Supple-
mentary Data 3). The GC content, N50, and size of these MAGs were
0.217–0.749, 1727–625,897 bp, and 319,964–15,240,531 bp, respectively.
A total of 94.61% of them were bacterial genomes (n = 5861), and 5.39%
were archaeal genomes (n = 306) (Fig. 4). The major bacterial phyla were
Pseudomonadota, Bacteroidota, Patescibacteria, Bacillota_A, and Acti-
nomycetota. The number of ARGs carried by these MAGs was analyzed,
and it was found that 2719 MAGs carried ARGs and that they were
considered the main ARG hosts. The profiles of the dominant ARG hosts
differed among the different water environments. The most important
ARG hosts (those with the 15 most abundant ARGs) in slaughterhouse

wastewater all carried more than 20 ARGs. Duck wastewater had 5 major
hosts with more than 20 ARGs. Municipal wastewater and hospital
wastewater had 2 major hosts with more than 20 ARGs. There was only
one host with more than 20 ARGs in the swine wastewater and
groundwater. All the marine and drinking water samples had fewer than
20 ARGs. The major ARG hosts in drinking water, groundwater, marine,
municipal wastewater, slaughterhouse wastewater, swine wastewater,
duck wastewater, and hospital wastewater were Mycobacterium, Escher-
ichia, Stutzerimonas, Mangrovibacter, Citrobacter, Escherichia, Desulfo-
bacter, and Pseudomonas_E, respectively, which carried 8, 61, 19, 45, 52,
66, 62 and 27 ARGs, respectively. Among these major ARG hosts,
Escherichia, Desulfobacter, and Citrobacter carried the highest number of
ARGs. In addition, Pseudomonas_E was the most widely distributed
ARG host in different water environments, and it was the major host in
groundwater, municipal wastewater, slaughterhouse wastewater, swine
wastewater, and municipal wastewater, carrying 11-38 ARGs. Then, a
phylogenetic tree was produced for the MAGs carrying the 10 most
abundant ARGs in different water environments (Fig. 5). These major
ARG hosts were mainly distributed in Pseudomonadota, followed by
Actinomycetota. The ARG hosts of both natural water (drinking water,
groundwater, and marine water) and wastewater (municipal wastewater,
slaughterhouse wastewater, swine wastewater, and hospital wastewater)
were distributed among these phyla. These results suggest that the
composition of ARG hosts in different water environments varies, with
Escherichia, Desulfobacter, Citrobacter, and Pseudomonas_E being the
main ARG hosts in water environments.
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Horizontal gene transfer analysis of these MAGs revealed different
transfer patterns in these different water environments (Supplementary
Fig. 3). For example, horizontal gene transfer in slaughterhouse wastewater
occurred mainly in Pseudomonadota, in duck wastewater in Bacillota_A,
and in the marine in Bacteroidota. This also increases the risk of ARG
transfer between different hosts.

Machine learning for predicting resistome risk of water
environment
The above results show that there are different resistome risks and ARG
hosts present in various water environments. And there is a correlation
between microbial communities and resistome risk. It indicates that the
microbial composition can represent the resistome risk. Then we used the
machine learning method to predict resistome risk based on the microbial
composition in the water environment (Fig. 6A). We set the median of
resistome risk scores as the standard threshold (Fig. 6B). When the scores
are greater than25, it is high risk;when the score is below25, it is low risk. Six
machine learningmethods were used (Fig. 6C and Supplementary Table 2).
And XGBoost was found to be the best method with an accuracy was
86.87 ± 1.18%, followed by Random Forest (85.65 ± 1.23%), Decision Tree
(82.13 ± 1.33%), Naive Bayes (81.41 ± 1.45%), SVM (70.67 ± 0.48%) and
KNN (60.95 ± 0.48%). Their AUCn (Area Under the Curve) were
0.95,0.95,0.8,0.87,0.74 and 0.63, respectively. In summary, the XGBoost
model has high accuracy and can be used to predict resistance risk in
unknown aquatic environments.

Discussion
In the present study, the resistance profiles of different water
environments were investigated. The results showed that the

antibiotic resistome risk in wastewater, especially slaughterhouse
wastewater, was higher than that in natural water (Fig. 1). The lowest
risk was found in marine. Studies found that the abundance of ARGs
in wastewater, such as livestock wastewater and municipal waste-
water, was generally higher than 103–108 copies/mL5,33,34. The abun-
dance of ARGs in natural water, such as marine, rivers, and
groundwater, is generally 10−1–104 copies/mL35–37. These results are
similar to our findings that the wastewater resistome risk was greater
than the natural water resistome risk. This may be due to the pre-
sence of large amounts of antibiotic residues and bacteria in waste-
water, which provides an ideal environment for the development of
antibiotic resistance38,39.

The resistance risk in natural water is lower than in wastewater,
which is an expected result. However, there is a need to pay attention
to the characteristics of resistome risk in different water environ-
ments. Whether it is wastewater or natural water, it is all around us
and affects our health. Antibiotic-resistant microorganisms and
ARGs in these wastewater may not be completely removed by
treatment processes40, allowing them to enter neighboring natural
water environments. In addition, when wastewater is discharged into
natural water environments such as rivers, lakes, or marine envir-
onments, the resistant microorganisms and ARGs could interact with
microorganisms in natural water, leading to the spread of resistance
(Fig. 7)41. Resistant microorganisms and ARGs may spread to dif-
ferent locations through the water cycle. In addition, ARGs undergo
horizontal transfer in different water environments (Supplementary
Fig. 3)42,43, furthering the complexity and risk of drug resistance.
Therefore, we need to take measures to reduce the transmission risk
of antibiotic resistance in wastewater and to strengthen wastewater
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treatment and monitoring of resistance. Of course, we should also
strengthen the monitoring of antibiotic resistance in natural water to
avoid the impact of external sources of pollution such as wastewater.

The current methods for monitoring the resistance risk in the
environment are mainly traditional methods such as high-
throughput sequencing analysis and isolation culture, of which
high-throughput analysis requires higher sequencing costs and longer
analysis time, and has a high technical threshold. The isolation cul-
ture method has a lower cost and shorter time, but it can only
analyze very few culturable antibiotic-resistant microorganisms. In
recent years, machine learning has been used to predict environ-
mental resistance risk, which is faster and more accurate44,45. Studies
have shown significant variations in ARG hosts across different
environments. For instance, Flavobacteriales, Acinetobacter, Pseudo-
monas, and Burkholderiaceae are the main ARG hosts in river-lake
systems46, while Enterobacteriaceae dominate in soil47, and Strepto-
coccus and Clostridium in pig farm air48. This study revealed different
ARG hosts in various water environments, highlighting a correlation
between microbial composition and ARGs, suggesting that microbial
composition can serve as an indicator of resistome risk. Therefore, we
constructed a prediction model using a machine learning method
(Fig. 6). This model only needs to input the results of microbial
composition in the unknown water sample to predict its antibiotic
resistance risk, which can greatly reduce the labor cost and time cost,
and its accuracy is up to 86.87 ± 1.18% with good repeatability. This
is a highly rewarding result. Of course, in the future, we need to add
more data to improve its accuracy for better application in
production.

In addition, to address the risk of spreading antibiotic resistance
in water, effective preventive and control measures are essential. For

example, the construction and management of wastewater treatment
facilities should be strengthened to ensure that antibiotic residues
and resistant microorganisms in wastewater can be effectively
removed. The use of advanced treatment technologies, such as bio-
logical treatment and membrane filtration, can effectively reduce the
release of resistance-related substances in wastewater. Management
and monitoring in agricultural production should be strengthened to
rationalize the use of antibiotics and pesticides and ensure that they
are not used in excess. Promote sustainable agricultural practices,
such as organic farming and eco-agriculture, to reduce the use of
chemical substances and radically reduce the development and
spread of antibiotic resistance. The public awareness and awareness
of the problem of antibiotic resistance should be increased, and the
rational use of antibiotics and other drugs should be promoted.
Personal hygiene and infection control measures in medical institu-
tions should be strengthened to reduce the abuse and misuse of
antibiotics and prevent the further spread of drug resistance. A sound
antibiotic resistance monitoring system was established to regularly
monitor and assess resistance risk in the water environment. Relevant
research should be carried out to gain an in-depth understanding of
the transmission mechanisms and influencing factors of antibiotic
resistance to provide a scientific basis for the formulation of targeted
prevention and control strategies.

Conclusion
In this study, the profiles of antibiotic resistome risk in different water
environments were investigated. The number, abundance, and risk score of
ARGs were found to be higher in wastewater, especially slaughterhouse
wastewater, than those in natural water. The dominant ARG hosts in dif-
ferent water environments were varied. And different patterns of horizontal
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gene transfer were observed between different ARG hosts. Overall there is a
correlation between microbial composition and resistome risk. Therefore,
based onmicrobial composition,models were constructedwith an accuracy

of 86.87 ± 1.18% for predicting the risk of resistance in unknown water
environments.Thesefindingshave important implications for the control of
antibiotic resistance and for water management.

Fig. 5 | The phylogenetic tree of metagenome-assembled genomes. The values are the numbers of ARGs.
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A B

C

Fig. 6 | Machine learning for predicting resistome risk of water environment. AWorkflow of model training. B The distribution of resistome risk score in water samples.
Label values were the reistome risk scores. C Receiver Operating Characteristic (ROC) Curve for different classifiers.

Fig. 7 | Overview diagram of antibiotic resistome risk in different water environments.
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Data availability
All the sequencing data have been deposited in The National Center for
Biotechnology Information (NCBI, https://www.ncbi.nlm.nih.gov/) with
accession number: PRJNA1050755. And the data of machine learning for
resistome risk were available on https://github.com/yyiw/Machine-
learning-for-resistome-of-water-environment. Source data used to gen-
erate figures for this study are available from https://figshare.com/articles/
dataset/dataset_of_water_resistome/28358663?file=52172720.
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