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Plasmids are key determinants in microbial ecology and evolution, facilitating the dissemination of adaptive
traits and antibiotic resistance genes (ARGs). Although the molecular mechanisms governing plasmid replication,
maintenance, and transfer have been extensively studied, the specific impacts of urbanization-induced pollution
on plasmid ecology, diversity, and associated ARGs in tropical regions remain underexplored. This study in-
vestigates these dynamics in a tropical aquatic ecosystem, providing novel insights into how pollution shapes
plasmid composition and function. In contrast to the observed decrease in chromosomal diversity, we demon-
strate that pollution associated with urbanization increases the diversity and taxonomic composition of plasmids
within a bacterial community (plasmidome). We analyzed eighteen water and sediment metagenomes, capturing
a gradient of pollution and ARG contamination along a tropical urban river. Plasmid and chromosomal diversity
profiles were found to be anti-correlated. Plasmid species enrichment along the pollution gradient led to sig-
nificant compositional differences in water samples, where differentially abundant species suggest plasmid
maintenance within specific taxonomic classes. Additionally, the diversity and abundance of ARGs related to the
plasmidome increased concomitantly with the intensity of fecal and chemical pollution. These findings highlight
the critical need for targeted plasmidome studies to better understand plasmids’ environmental spread, as their
dynamics are independent of chromosomal patterns. This research is crucial for understanding the consequences
of bacterial evolution, particularly in the context of environmental and public health.

1. Introduction

Plasmids play a crucial role in the evolution of bacteria by facilitating
the dissemination of genes that confer adaptive advantages (Partridge
etal., 2018; Rodriguez-Beltran et al., 2021). Unlike chromosomal genes,
plasmids are often maintained at dynamically adjusted copies per cell.

* Corresponding authors.

This dynamic polyploidy leads to plasmid-encoded genes being gov-
erned by different evolutionary dynamics than the chromosomal genes,
including more rapid evolution (due to higher copy numbers), genetic
dominance, heteroplasmy (the presence of genetic variants within the
same cell), and segregational drift (Rodriguez-Beltran et al., 2021). This
distinct evolution is attributed to the dynamic nature of plasmids in
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bacterial populations, leading to high levels of genetic plasticity,
enabling populations to adapt swiftly to environmental changes and
selective pressures. Consequently, all plasmids in a bacterial community
(plasmidome) may exhibit genetic and ecological patterns distinct from
the host chromosomes, influencing bacterial survival and competitive-
ness in diverse environments (Rodriguez-Beltran et al., 2021; Slater
et al., 2008; Smillie et al., 2010).

While carrying plasmids can sometimes reduce bacterial fitness, they
often provide advantages to the host (Larsson and Flach, 2022; Newbury
et al., 2022; Topp et al., 2018). For example, they provide resistance
against environmental challenges, including anthropogenic stressors
such as antibiotics. Antibiotic resistance genes (ARGs) are often asso-
ciated with a diverse array of mobile genetic elements (MGEs), enabling
these genes to spread to new hosts of different taxonomic groups
through horizontal gene transfer (HGT) (Arias-Andres et al., 2018; Gil-
lings 2017). However, despite the significance of plasmids in microbial
ecology and evolution, the understanding of their composition, struc-
ture, and diversity patterns in the environment, especially in aquatic
ecosystems, remains limited (Ebmeyer et al., 2021; Rodriguez-Beltran
et al., 2021; Smalla et al., 2018).

Increasing human activities and urbanization significantly impact
aquatic ecosystems, introducing pharmaceuticals, disinfectants, per-
sonal care products, and other anthropogenic stressors that also provide
such mentioned selective pressures for microbial HGT dynamics
(Ramirez-Morales et al., 2021; Venegas Gonzalez et al., 2023; Wilkinson
et al., 2022). This affects the dissemination of ARGs, among other traits
often associated with a diverse array of MGEs (Ebmeyer et al., 2021;
Smalla et al., 2018). Plasmids play a significant role in providing resis-
tance against antibiotics (Arias-Andres et al., 2018; Gillings, 2017).
However, as the understanding of plasmid composition, structure, and
diversity patterns in the environment remains limited, so is our inter-
pretation of antibiotic resistance dynamics in aquatic ecosystems
(Ebmeyer et al., 2021; Rodriguez-Beltran et al., 2021; Smalla et al.,
2018). Thus, examining the plasmidome, in aquatic environments under
anthropogenic stress is crucial, particularly in developing countries
where the management of antibiotics and waste disposal are often
inadequate (Larsson and Flach, 2022; Suzuki et al., 2017). Beyond un-
derstanding plasmid dynamics and ecology, it also sheds light on po-
tential risks to human health and the environment posed by the
increasing dissemination of antimicrobial resistance amplified by these
MGEs (Bottery, 2022; Jiang et al., 2022; Larsson and Flach, 2022).

Recent advancements in metagenomics, such as the development of
machine-learning models, have significantly improved our ability to
identify and characterize plasmids within complex microbial ecosys-
tems. These tools have uncovered diverse plasmid systems within
human gut metagenomes, revealing various genes that enhance micro-
bial fitness across different conditions (Yu et al., 2024). Such studies
underscore the critical role plasmids play in microbial ecology by
facilitating HGT, which results in adaptive advantages, including anti-
biotic resistance. However, many existing tools for plasmid analysis
have been developed on an “ad hoc basis.” Therefore, creating more
comprehensive bioinformatics pipelines that integrate these tools and
allow for the thorough analysis of entire plasmidomes, regardless of
their chromosomal context, remains essential (Stockdale et al., 2022).

Few studies separated plasmids from chromosomes to study micro-
biomes or assessed the impact of environmental pollution on their di-
versity and the ARGs they carry (Shintani et al., 2015; van Passel et al.,
2006). Plasmidomes are often more conserved than the corresponding
chromosomal microbiomes, emphasizing their unique ecological role in
maintaining latent genetic functionalities across diverse environments
(Kothari et al., 2019). Similarly, it has been highlighted that plasmid
diversity can act as a biomarker for health and disease states, further
underscoring the importance of distinguishing plasmids in metagenomic
analyses to uncover their functional contributions (Stockdale et al.,
2022). This distinction enables a more accurate understanding of mi-
crobial community dynamics and plasmids’ ecological and evolutionary
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roles, particularly in environments impacted by human activity
(Stockdale and Hill, 2023).

Here, we analyze the plasmidome of a highly polluted tropical river
severely impacted by urbanization. This demonstrates that differenti-
ating plasmids from chromosomal populations may have important
implications in microbial ecology and evolution. Our thorough analyses
of sediment and water column samples collected along a pollution
gradient in a Costa Rican River based on 18 metagenomes confirm that
acute urban pollution affects the diversity and genetic composition of
the bacterial plasmidome. By selecting plasmids carrying ARGs, we
hypothesized that urban pollution increases the plasmidome richness
and diversity. We propose that plasmids and some genes within them
may serve as unique biomarkers and, thus, indicators of urban pollution
and the risk of ARGs spreading in the environment.

2. Material and methods
2.1. Site description and sampling

This study was conducted along a gradient in pollution and anthro-
pogenic activities (urbanization). Samples from the water column and
sediment were collected at three sites within the main course of the
Virilla River, located in the Western Central Valley of Costa Rica (Fig. 1).
The Virilla River watershed is part of the larger Grande de Tarcoles River
basin, which drains into the Pacific Ocean. Urbanization and changing
land use patterns within the watershed have increased pollution levels,
particularly from untreated municipal sewage and industrial effluents
(Herrera-Murillo et al., 2019; Mena-Rivera et al., 2018). Notably, Site 3,
located downstream of the San José Wastewater Treatment Plant
(SJ-WWTP), exhibits the highest pollution levels, including antibiotics,
making it a hotspot for ARGs dissemination and plasmid transfer
(Mendoza-Guido et al., 2024). Consistent with this, the Virilla River
study demonstrated that areas with urban and grazing land use exhibit
higher prevalence and diversity of resistance and virulence genes in
Escherichia coli. Resistance genes, such as blargy, were frequently
detected and associated with anthropogenic activities, including
wastewater discharge and livestock management. This highlights the
compounded impact of urbanization and environmental dynamics on
microbial pollution and associated public health risks (Morales-Mora
et al., 2025).

The sampling was carried out during the dry season in April 2022. At
each site, triplicate samples were taken, resulting in 9 samples per
sample type and 18 samples in total. Site 1, the highest elevation site, is
at an altitude of 2020 m a.s.l. (9°59'9'N, 83°56'35"W). The primary land
uses in this area are cattle raising and plant cultivation. Site 2, the in-
termediate elevation site, is 1185 m a.s.l. (9°57'47"N, 84°5'51"W). This
site encompasses residential, commercial, industrial, and urban land
uses. Site 3, the lowest elevation site, is 720 m a.s.l. (9°56'46"N,
84°13'22"W). The land use is predominantly urban and industrial, and
Site 3 is downstream of the San José Wastewater Treatment Plant (SJ-
WWTP). The SJ-WWTP facility is the largest in the country and is
designed to serve over one million people in the Greater Metropolitan
Area of San José. The plant primarily employs physical and chemical
treatment processes to significantly reduce pollutants such as total sus-
pended solids (TSS), biological oxygen demand (BOD), and oils from the
wastewater entering the rivers Maria Aguilar, Tiribi, and Torres, all of
them part of the Virilla River watershed (Mora-Aparicio et al., 2022).

Freshwater and sediment samples were collected to provide diverse
insights into the pollution levels within riverine habitats. Due to their
ability to absorb and retain substances, sediments accumulate ARGs and
antimicrobials, making them valuable for studying the long-term impact
of pollution and the evolution of AMR. In contrast, water samples can
reveal the present circulation of ARGs and antimicrobials, indicating
ongoing pollution sources. Also, analyzing water columns helps to
monitor the effectiveness of pollution control measures, such as WWTPs,
and identify emerging health threats. Therefore, the combined analysis
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Fig. 1. Chemical pollution and biological pollution gradient along the Virilla River. (A) Virilla River watershed and sampling sites (a wastewater treatment plant is
located between sites 2 and 3). (B) Quality indicators are measured in the water column at each site, incl. the National Sanitation Foundation Quality Index (NSFQI).
(C) Relative abundances of 9 ARGs were measured by qPCR in water and sediment samples at each site.

of riverine freshwater and sediments offers a comprehensive under-
standing of pollution dynamics. Water samples were collected using
sterile containers and gloves. Four glass bottles were rinsed with surface
water from the river three times for water column samples. Then, one
liter of water was sampled in each bottle. Sediments were collected
using a sterile spoon and plastic bags from the river’s shore under
running water at a depth of approximately 30 cm. Samples were placed
into a sterile bag and sealed within another sterile bag. All samples,
water, and sediment were transported to different laboratories under
cold conditions and analyzed within 20 h.

2.2. Microbiological and chemical analysis

Microbiological and chemical indicators were measured only in
water column samples. Fecal coliforms, E. coli, and Enterococcus faecalis
(E.faecalis) were quantified using the most probable number technique
(standard methods 9221E, 9221F, and 9230B) (American Public Health
Association et al., 2017). Oxygen saturation, conductivity, pH, and
temperature were analyzed using a multiparameter probe (YSI, model
85 A, Yellow Springs, OH, USA).

Dissolved Organic Carbon (DOC) analysis (Table S1) was performed
in the Environmental Pollution Research Center (CICA) laboratory at
UCR using the standard method 5310A (American Public Health Asso-
ciation et al., 2017). Turbidity analysis was conducted in the Health
Research Institute (INISA) laboratory (Table S1) using the standard
method 2510B (American Public Health Association et al., 2017). Ana-
lyses of residues of anthropogenic contaminants such as caffeine and
terbutryn (Table S1) were performed in the Central American Institute
for Studies on Toxic Substances (IRET) Laboratory at UNA. Samples
analyzed by gas chromatography (GC) were extracted by solid phase
extraction (SPE) and processed using GC coupled to mass spectrometry
(GC-MS) and electron capture detection (GCECD) in an Agilent,

7890A-5975C equipment.

Also, the National Sanitation Foundation Water Quality Index
(NSFQI) was calculated according to references (Brown et al., 1972;
Marselina et al., 2022; Uddin et al.,, 2021). Five parameters were
included in the calculation: fecal coliforms, pH, temperature, turbidity,
and oxygen saturation. By considering these parameters, the NSFQI
provides a comprehensive overview of water quality, allowing the
identification of potential anthropogenic pollution and classifying sur-
face waters into five categories: very good, good, fair, poor, and very
poor (Ichwana et al., 2016; Marselina et al., 2022).

2.3. Environmental DNA extraction and quantification

Water samples were prefiltered via a filtration device (Sartorius®,
Gottingen, Germany) equipped with an 80-um glass fiber prefilter
(13,400-47-Q, Sartorious®, Germany) to remove larger particles. The
prefiltered samples were then filtered onto a 0.22-pm cellulose nitrate
filter (47-mm diameter;11,327-47-N, Sartorius®, Germany).

According to the kit’s directions, DNA from filters and sediments was
extracted with the DNeasy PowerSoil Pro (Qiagen, Venlo, The
Netherlands). Two hundred fifty milligrams of the sample were used for
sediments, and one filter (equivalent to 250 ml filtration volume) was
extracted for the water sample. The extracts’ DNA concentration (and
purity) was measured using a NanoDrop 2000 spectrophotometer
(ThermoFisher Scientific, USA). It ranged between 7.5 and 50 ng/ul for
the water samples (A260/280 values: 1.6-2.1), and between 7.0 and 59
ng/ul (A260/280 values: 1.6-1.9) for the sediment samples. These ex-
tracts were aliquoted and stored at —80 °C before ARGs quantification
and sequencing.
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2.4. Quantification of antimicrobial resistance genes

Standard quantitative polymerase chain reaction (qPCR) using
SybrGreen chemistry was performed to analyze ARGs in DNA samples
from the water column and sediments. ARG primer sequences for 16S
rRNA, intl-1, sul-1, sul-2, tet(A), tet(Q), dfrA12, qnrS, ermB, blargy, and
blacrx.um, as well as reaction conditions, primer concentration, expected
amplicon, and reaction efficiency.

Table S2 details the critical parameters for qPCR experiments tar-
geting 11 ARGs, including primer sequences, expected product sizes
(85-190 bp), primer concentrations (200-600 nM), and annealing
temperatures (79.8-90.02 °C). The amplification protocol involved
initial denaturation at 95 °C for 2-10 min, followed by 40 cycles of
denaturation (95 °C for 3-5 s) and annealing/extension (60 °C for 30 s).
Reaction efficiencies ranged from 73.5 % to 104.09 %, with R? values
consistently above 0.993, ensuring reliable and reproducible
amplification.

These genes are associated with resistance to eight different classes
of antibiotics, namely sulfonamides (sul-1 and sul-2), trimethoprim
(dfrA12), beta-lactams (blargy), quinolones (gnrS), tetracyclines (tet(A)
and tet(Q)), and macrolides, lincosamines and streptogramins (ermB).
They were selected based on a review of scientific literature highlighting
the presence of antibiotics such as sulfonamides, tetracycline de-
rivatives, trimethoprim, and beta-lactams as common contaminants in
surface waters in the country (Spongberg et al., 2011; De la Cruz et al.,
2014; Ramirez-Morales et al., 2021). This selection was further informed
by the genomic analysis of a multidrug-resistant E. coli isolate from
wastewater in the Virilla River Watershed (Barrantes et al., 2020).

ARG quantifications were assessed using a StepOnePlus™ Real-Time
PCR thermocycler (Thermo Fisher, USA). The qPCR standard curve
materials were derived from each ARG sequence, and the 16S rRNA gene
was inserted into gBlocks (Integrated DNA Technologies, Coralville, IA,
USA), as detailed in Table S3. Calibration curves were generated for
each assay, using triplicate replicates of the standard curve material,
from 1-log10 to 6-log10 copies/reaction. The relative abundance of each
gene was calculated by dividing its absolute abundance by the total
abundance of 16S rRNA genes per sample.

2.5. Shotgun metagenomic sequencing

DNA sample extracts were shipped frozen to Novogene Inc. (Sacra-
mento, CA, USA) for metagenomic library preparation and paired-end
150 sequencing on an Illumina NovaSeq 6000 instrument. On average,
over 50 million reads per sample (combining R1 and R2) were obtained,
as observed in Figure S1.

Metagenome library preparation was conducted using the ABclonal
Rapid Plus DNA Library Kit (ABClonal, Woburn, MA, USA). Each library
was evaluated using a Qubit 2.0 fluorometer (Invitrogen, Carlsbad, CA,
USA) for preliminary concentration assessment and an Agilent 2100
Bioanalyzer (Agilent, Santa Clara, CA, USA) to determine the insert size.

2.6. Preprocessing and filtering of the raw metagenomic data

The 18 pairs of demultiplexed fastQ files were quality-controlled
using FastQC v0.11.9 (github.com/s-andrews). Quality filtered and
trimmed them from the Illumina P5/P7 adapters (including poly-G ends)
using FastP v0.23.2 (Chen et al., 2018) with non-default parameter -e
25. Human genome contaminants of urban or experimental origins were
filtered by aligning the trimmed reads to the UC Santa Cruz hg19 version
of Homo sapiens, and the resulting reads were rechecked using FastQC
v0.11.9.

2.7. GTDB chromosomic and plasmidic genome databases

We conducted a rapid profiling of microbial species diversity using
high-quality reads from the Genome Taxonomy Database (GTDB) (Parks
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et al., 2018), analyzing chromosomal and plasmid genomes separately.
This database does not include complete plasmid sequences.

To do this, plasmid sequences from 1742 species (out of 65,703 ge-
nomes in GTDB release 207) were isolated from chromosomal se-
quences. We then created separate indices for these genome collections
using Kraken2 v2.0.9 (Wood et al., 2019) and Bracken v2.7.0 (Lu et al.,
2017). This allowed us to classify reads independently against the
chromosomal and plasmid databases in Kraken2, with species-level
counts estimated using Bracken.

For annotation, we used ETE3 (Lex et al.,, 2014) to gather NCBI
taxonomic paths for each species’ Taxon ID. This enabled us to annotate
plasmid and chromosomal species tables based on read counts per
sample. We excluded three mislabeled GTDB-plasmid records from the
plasmid dataset, whose lengths were significantly greater than typical
chromosomal lengths. These excluded records were Shinella sp.
PSBB067, Legionella adelaidensis, and Prevotella sp. oral taxon 299, which
appeared in 17, 3, and 2 samples, respectively, with average relative
abundances of 0.3 %, 0.02 %, and 0.006 % of reads.

2.8. Diversity analyses of the GTDB chromosomic and GTDB plasmidic
profiling datasets

Alpha diversity indices in terms of species richness (number of spe-
cies), Shannon’s entropy (Schmitt and Herzel, 1997), and beta diversity,
including the Aitchison distance, were measured in QIIME2 v2023.3
(Bolyen et al., 2019). A rarefaction depth of 3000 reads was chosen to
ensure the inclusion of all samples in the diversity analyses. This
threshold was determined by the sample with the lowest classified read
count (S037, sediment), which yielded 3090 reads after taxonomic
classification using the GTDB plasmidic database. While this approach
may reduce overall richness estimates, it ensures comparability across
all samples and prevents the exclusion of this critical sediment sample.
Additionally, rarefaction was applied to control for uneven sequencing
depth, a method that demonstrated robustness and reliability even at
lower thresholds in simulation-based studies (Schloss, 2024).

Various statistical methods were applied to analyze the data based on
the underlying assumptions of each dataset. Normality was assessed,
and homogeneity of variances was evaluated before selecting the
appropriate statistical method. For datasets that met the assumptions of
normality and equal variances (e.g., alpha diversity metrics), one-way
ANOVA and Tukey HSD tests were applied to compare groups. For
datasets that did not meet these assumptions (e.g., qPCR data, fecal
coliforms, E. coli, and E. faecalis), non-parametric tests such as the
Kruskal-Wallis H-test and/or Spearman correlation were used, as they
do not require normal distribution. Multiple test corrections were
applied where relevant to ensure robust statistical interpretations.

Kruskal-Wallis tests were conducted to evaluate differences in
microbiological and physicochemical indicators among the sampling
sites. Dunn’s post-hoc tests, with Bonferroni correction for multiple
comparisons, were applied to identify pairwise differences. The statis-
tical analyses were performed using R language (version 4.3.2.) with the
dunn.test package.

Alpha diversity and qPCR-derived ARG abundance correlations were
calculated in Python using Spearman’s correlation ’scipy.spearman’
(Virtanen et al., 2020) and seaborn heatmaps. Statistical tests, including
normality tests (Shapiro-Wilk test), Bonferroni-Hochberg corrected
t-tests, Kruskal-Wallis H, and one-way ANOVA followed by Tukey’s
Honest Significant Differences (HSD), were realized in Python using
‘statannotations,” ‘scipy’, and ‘statsmodels,” as well as metric dimen-
sional scaling using ‘sklearn.” Species differential abundances were
ranked in term of log-fold change based on a multinomial regression
model using a single-layer neural network architecture build by ‘song-
bird’ and implemented in QIIME2 v2020.6 (Bolyen et al., 2019). The
ranks learning process used an 80:20 train-test split, a batch size of 5, a
learning rate le™, and 100,000 epochs. The model trained to rank
species by site and sample type was compared to one for sample type
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only and the ratio of errors was reported as a measure of modelling
quality (Pseudo Q). All plots were made in Python using a combination
of ‘matplotlib’ and ‘seaborn’ (see code availability).

2.9. Assembly and mapping of all reads and reads classified to GTDB
plasmid species

High-quality paired reads were merged for each sample using FLASH
v1.2.11 (Magoc and Salzberg, 2011) and co-assembled into contigs for
each group of three samples belonging to the same sample type and site
using metaSPAdes v3.14 (Nurk et al., 2017). Co-assembly quality was
assessed using metaQuast v5.2.0 and the N50.sh script (github.
com/hcdenbakker/N50.sh) to measure contig numbers, assembly size,
and N50/N90 values. The amount of co-assembled contigs longer than 3
kb that originated from non-prokaryotic genomes was estimated using
Tiara v1.0.3 (Karlicki et al., 2022). The reads of each sample used in a
co-assembly were mapped to the resulting contigs using Bowtie2 v2.4.4
(Langmead and Salzberg, 2012) and counted using pysam v0.19.1 and
SAMtools v1.14 (Danecek et al., 2021; Li et al., 2009). For each sample,
mapping rates were calculated concerning the total number of reads in
that sample, both for all contig-mapping reads and specifically for those
reads classified by Kraken2 to at least one species of the GTDB plasmids
database, hereafter referred to as “GTDBp reads.” For each contig, the
number of reads (and GTDBp reads) mapped to it was divided by the
total number of reads in the sample (in millions) and by its length to
obtain reads per kilobase per million (RPKM) values for quantitative
statistics.

2.10. Detection of plasmidic contigs and circularity

Contig sequences were annotated as plasmidic using manual read
tracking and four different software tools: PlasmidFinder with a mini-
mum coverage of 75 % and the KMA mapping method (Carattoli et al.,
2014); PlasForest v1.2 with a batch size of 500 (Pradier et al., 2021);
Platon v1.7 in “accuracy” and “meta” modes (Schwengers et al., 2020);
and PlasX using MMseqs v10.6 (Yu et al., 2024). Manual read tracking
involved parsing the Bowtie2 reads-to-contigs mapping files to extract
contigs with at least one mapped GTDBp read (see the Profiling section
above). These contigs are hereafter referred to as “GTDBp contigs.”
Contig circularity was identified using “ccfind” (Nishimura et al., 2017)
and by detecting “reverse-forward” oriented reads paired over contig
ends. This latter approach identified paired reads mapped in
reverse-forward orientation, forming a gap longer than the contig length
minus three times the median insert size between forward-reverse ori-
ented read pairs (see Method in Yu M.K. et al., 2024). The sets of contigs
detected as plasmids and circular by different combinations of these
approaches were investigated using the Python implementation of
UpSetR (Conway et al., 2017), available at github.com/jnothman,/U-
pSetPlot (Lex et al., 2014).

2.11. Reconstruction and plasmid system networks

Plasmid systems were reconstructed using MobMess (Yu M.K.et al.,
2024) for the 673 contigs classified as plasmidic with a PlasX coefficient
greater than 0.95, including 42 identified as circular by the “reverse--
forward” approach. These systems corresponded to dereplicated clusters
of contigs, possibly originating from different co-assemblies and thus
from different sample types and sites. The network of plasmid systems
was opened in Cytoscape v3.10.2 (Shannon et al., 2003), and the node
table was edited to label each node’s sample type and site (i.e., set of
clustered contigs) located at the ends of directed edges (i.e., plasmid
backbone-to-compound containment). These labels, indicating changes
in sample type and site, were plotted on the network and used to mea-
sure the frequencies of plasmid gene cargo expansions from backbone to
compound across the sampling sites and sample types.
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2.12. Taxonomy and beta diversity comparisons between GTDBp contigs
and profiling

Taxonomy identifiers assigned by Kraken2 to GTDBp reads were
compared for each GTDBp contig. Fractions of GTDBp reads unassigned
or assigned to one or Multiple species were calculated for each sample and
their consistency measured from species to phylum levels. The total
GTDBp read count was summed for each sample per consistently
assigned species to build a feature table and compute an Aitchison dis-
tance matrix, which was correlated with that derived from read profiling
against the GTDB plasmid database, using the Mantel test (999 permu-
tations). The number, RPKM abundance, length, and circularity of the
GTDBp contigs assigned to the 5 % of species found most differentially
abundant in the polluted site based on the profiling analyses were
investigated across sample types and sites.

2.13. Annotation of antibiotic-resistance genes

Open reading frame (ORF) coordinates and proteins sequences were
predicted from each co-assembly contigs using Prodigal v2.6.3 (Hyatt
et al, 2010) and annotated to KEGG’s KO and Pathways using
eggnog-mapper v2.1.9 (Cantalapiedra et al., 2021) based on EggNOG
v5.0.2 (Huerta-Cepas et al., 2017) to obtain PFAMs and gene (“Pre-
ferred_name”) classifications. The predicted genes were also used as
input to predict ARGs based on deepARG (Arango-Argoty et al., 2018),
whereas the full contig sequences were directly passed to three other
ARG-detection software: starAMR v0.9.1v (Bharat et al., 2022) and
abricate v1.0.0 (https://github.com/tseemann/abricate), which were
both based on ResFinder 2.0 (Bortolaia et al., 2020), and abritAMR
v1.0.13 (Sherry et al., 2023), based on AMRFinderPlus v3.10.16
(Feldgarden et al., 2021). The four outputs were combined using
hAMRonization v1.1.4 (Datt and Gregorio, 2024) and further harmo-
nized by (average linkage) clustering of the gene coordinates returned
by each tool (or by prodigal for deepARG) to obtain a list of ARG clas-
sifications for each contig gene across software. We investigated re-
dundancies and discrepancies between the ARG classification terms of
the different software to align the annotations of genes in contigs car-
rying ARGs according to 2, 3, or all 4 software (corrected terms listed in
Table S5). The coordinates in the contig sequences for every ARG
co-detected by all 4 software and the reads-to-contigs Bowtie2 mapping
files were counted using pysam v0.19.1 and SAMtools v1.14 to calculate
RPKM values and to build a table of ARGs counts per sample for quan-
titative statistical analyses (see below).

2.14. Bioinformatics postprocessing, biostatistical analysis and
visualization

All metagenomic analysis software ran on the computer clusters
SAGA (Sigma2, Norwegian Research Infrastructure Services) and Kabré
(CeNAT, CONARE, Costa Rica), where SLURM 23.02.7 (Yoo et al., 2003)
jobs were written by ‘metagenomix’ (github.com/FranckLejzer-
owicz/metagenomix). Fully documented postprocessing scripts and
Python jupyter notebooks, as well as configuration files (databases,
pipeline, modules, non-default parameters) to generate the commands
for all analysis software and replicate analyses are openly available at
gitlab.com/alper1976/marmip/-/tree/main/keilor/papers/virilla_r-
iver/metagenomes.

3. Results

3.1. ARGs are enriched along the pollution gradient and especially in the
water column

At three sampling sites along the Virilla River (Fig. 1A), biological
and chemical measurements taken during the dry season of 2022 indi-
cate an evident degradation in surface water quality. Upstream Site 1
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shows fair quality, while downstream Sites 2 and 3 exhibit poor quality
(Fig. 1B, Table S1). A Kruskal-Wallis test indicated significant differ-
ences in microbiological and physicochemical indicators among the
sampling sites (for fecal coliforms H test: statistic = 7.3, p = 0.025; for
E. coli H test: statistic = 6.9, p = 0.030; for E. faecalis, H test: statistic =
7.3, p = 0.026 and for oxygen saturation, H test: statistic = 8.0, p =
0.018). Dunn’s post-hoc analysis revealed significant differences in fecal
contamination between Site 1 and Site 3 (adjust p-value=0.007), sup-
porting this decline in surface water quality.

This observed decline in water quality was mirrored by the patterns
of ARG contamination, underscoring a relationship between anthropo-
genic pollution and the microbial and genetic composition of the river.

This degradation was accompanied by contamination with ARGs,
whose abundances were quantified in water and sediment samples using
standard qPCR for 10 genes, normalized to the 16S rRNA gene abun-
dance (Fig. 1C). The abundances of all ARGs varied significantly among
sites (Kruskal-Wallis H test: statistic = 12.1, p = 0.002). They were
influenced by sample type for individual ARGs, with higher levels
generally observed in water samples. The most abundant ARGs were sul-
2, sul-1, tet(A), and tet(Q), with the latter three showing notably higher
concentrations in water samples compared to sediment at Site 2
(Fig. 1C).

Interestingly, the less abundant genes blargy, ermB, and gnrS were
also enriched in water samples at the polluted Site 2. A similar
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enrichment was observed for intl-1 at the most contaminated site (Site
3). The intl-1 gene displayed a clear enrichment in sediment samples
along the pollution gradient, as confirmed by the Tukey HSD test (Site 1
vs. Site 2, p = 0.0176; Site 1 vs. Site 3, p = 0.0016). This trend was also
evident for the two sulfonamide resistance genes (sul-1 and sul-2) in
comparisons between Site 1 and Site 3 across both sample types, with
sul-1 exhibiting slightly higher mean differences (Tukey HSD: mean
difference = 0.075, p < 0.003) than sul-2 (Tukey HSD: mean difference
=0.02, p = 0.015).

Three ARGs were undetected, but only in the least polluted sediment
samples: blargy (at sites 1 and 2), dfrA12, and qnrS (at site 1). Addi-
tionally, blacrx.nr was not detected in any of the samples. In summary,
ARGs were enriched along the gradient of anthropogenic activities, with
water samples showing the highest contamination levels.

The varying enrichment patterns of specific ARGs, such as blargy,
ermB, and qnrS, suggest a nuanced interaction between pollution sources
and the ecological dynamics of the river’s microbial communities. These

findings set the stage for examining diversity trends in plasmid and
chromosomal species.

3.2. Plasmidic species diversity increases with biological and chemical
pollution and differences in chromosomic diversity depend on sample type

Alpha and beta diversity analyses of species profiles revealed
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contrasting patterns in response to pollution and sample type for met-
agenomic reads classified against the GTDB chromosomic or plasmidic
databases. Indices were measured of all three samples per dataset, site,
and sample type after rarefaction to 3000 reads per sample.

These diversity analyses highlight that pollution gradients increase
plasmidic diversity and create distinct ecological niches, shaping mi-
crobial community structure in water and sediment samples differently.

Plasmidic alpha diversity increased with anthropogenic pollution
(Fig. 2A), reflected in both species richness (570 species, Kruskal-Wallis
H-test: H = 11.87, p = 0.003) and Shannon’s entropy (H = 10.05, p =
0.006). This increase was more pronounced in sediments, where rich-
ness showed a tenfold higher F statistic than water (one-way ANOVA: F
= 66.85, p = 0.0001, versus F = 6.99, p = 0.027).
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In contrast, the richness of chromosomic species (11,839 species)
halved in water samples, decreasing from an average of 602.7 (+ 56.5)
at upstream Site 1 to a more stable 275.8 (+ 38.9) at polluted Sites 2 and
3 (Tukey HSD tests vs. Site 1, both p = 0.0004, Fig. 2A). Shannon’s
entropy for chromosomic data remained consistent across sediment sites
(one-way ANOVA: F = 0.96, p = 0.43).

Overall, alpha diversity at polluted sites was consistently higher in
sediments than in water, with t-test statistics averaging 7.5 (& 0.35) for
chromosomic richness and 8.7 (+ 4.16) for plasmidic richness (all
Benjamini-Hochberg adjusted p-values < 0.01).

Note that these patterns are not due to differences in read amounts
(Figure S1A), which do not show differences across site or sample type
(Figure S1B and S1C). Fractions of classified reads were lower at Site 1,
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where the chromosomic dataset was most diverse (Figure S1C). We
observed that the diversity of plasmid species increased with pollution,
contrary to chromosomic diversity, which exhibited different trends
depending on the sample type. The intl-1 gene showed enrichment in
sediment samples along the pollution gradient, supporting the hypoth-
esis that urbanization-induced pollution impacts microbial community
composition. The GTDB chromosomal profiles showed contrasting
trends to the plasmidome, with reduced chromosomal diversity
observed in water samples at polluted sites, likely driven by ecological
filtering favoring specific taxa.

ARG abundances were generally positively correlated with each
other. The gene intl-1 exhibited a strong positive correlation with sul-1
and sul-2, commonly associated with mobile genetic elements and
resistance to sulfonamide antibiotics, respectively. The genes intl-1, sul-
1, and sul-2 demonstrated a significant negative correlation with chro-
mosomal alpha diversity metrics (Shannon’s entropy and species rich-
ness), indicating reduced chromosomal diversity in environments
enriched with ARGs. Interestingly, sul-1 and sul-2 displayed weaker
correlations with less abundant ARGs such as blargy, ermB, qnrS, and
dfrA12. These findings underscore the ecological filtering effects of
urbanization-induced pollution, the pivotal role of intl-1 in ARG
dissemination, and the associated reductions in chromosomal diversity
along pollution gradients (Fig. 2B). This pattern was consistent across
indices computed at every taxonomic level. Notably, intl-1 and the sul-
fonamide resistance genes positively correlated with plasmid diversity,
which increased at the species level with pollution in both sample types.
Interestingly, 167 (29.3 %) of the 570 plasmid species (representing 23
genera) could not be classified using GTDB chromosomes (Fig. 2C).
These unclassified species accounted for an average of 9.7 % (+ 8.3 %)
of metagenomic reads across the 18 samples, with a higher proportion in
Site 1 (23.6 + 12.4 %) compared to the more polluted sites (3.8 + 2.3
%).

3.3. Sample type also influences plasmidic profiles, but the abundance of
potential plasmid hosts changed consistently in water and sediments

Key taxa composing chromosomic and less diverse plasmidic profiles
might explain differences in beta diversity (Fig. 3). Metric multi-
dimensional scaling (MDS) of the compositionally robust Aitchison
distance matrix revealed that plasmidic and chromosomic species
communities clustered by sample type and site (Fig. 3A).

Plasmidic beta diversity among Site 1 samples appeared less variable
than for polluted Sites 2 and 3, in which sediment and water samples
clustered separately (PERMANOVA respectively explained 36, 18, and
16 % of variance by site, sample type, and their interaction, all p-values
< 0.003). There were differences in dispersion, except within sample
types for the chromosomic profiles (PERMDISP, F-value=0.6, p-val-
ue=0.286, 999 permutations). In the sediment, mean distances among
samples of Site 1 in both datasets were notably higher than among
samples of Site 3. Still, for the plasmid dataset, their variation tended to
decrease along the pollution gradient, while it tended to increase for
water samples (Figure S2).

These findings further emphasize the role of pollution gradients in
shaping plasmidic and chromosomic community structures, with
distinct clustering patterns revealing the combined influence of sample
type and site-specific factors.

These subtle patterns of chromosomic and plasmidic beta diversity
differences reflect major differences in taxonomic composition. Overall,
Pseudomonadota was the most abundant phylum, ranging from 35 to 85
% in water and 42 to 94 % in sediment samples, and notably class
Betaproteobacteria in polluted sites (Fig. 3B). Interestingly, class Fla-
vobacteriia exclusively dominated in the water samples of Site 2, for the
chromosomic dataset (67 to 71 %). For the plasmid dataset, it was
possible to rank microbes differentially abundant in the polluted site
using Site 1 as a reference in a multinomial regression model also ac-
counting for sample type (Pseudo Q2=0.413, Figure S3). Thirteen
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species enriched in the most polluted Site 3 belonged to Actinomycetes
(all Mycobacteriales). Strikingly, in both sample types, the abundance of
these different Site 3-enriched species increased from Site 1 to Site 3,
even when grouped at class level (Figure S3B), suggesting a plasmid host
spectrum limited to these classes. However, the abundance of species
enriched in Site 2 did not necessarily increase from Site 2 to Site 3, which
for 2 Betaproteobacteria and the 9 Gammaproteobacteria species tended
to stabilize (Figure S3C).

3.4. Reads classified to GTDB plasmids assemble into long contigs that
prevail in polluted water samples and relate to pollution-enriched species

Metagenomic reads classified as GTDB plasmids assembled into long
contigs that were more prevalent in polluted water samples and asso-
ciated with species enriched at these sites. Water sample contigs were
generally longer than those from sediments, and their N50 values
increased with pollution levels (Tables S5-S8). GTDB plasmid contigs
represented a higher fraction of co-assemblies at polluted sites (30 % at
Sites 2 and 3) compared to the upstream Site 1 (5.4 %), regardless of
sample type (Figure S4A). High-abundance contigs (>2 kb with >90 %
read mapping) were larger and most frequent at Site 3, particularly in
water samples, and were associated with taxa such as Mycobacterium sp.,
YC-RL4, Methylomonas, and Enterobacter (Figure S5).

Correlation between contig-based and read-based diversity profiles
(Mantel test, Spearman rho = 0.756, p = 0.001) further validated these
patterns. Although plasmid reads accounted for only 0 .15 % of all
mapped reads, they represented 3 4.5 % of those contributing to co-
assemblies (Table S10). These results emphasize the role of pollution
in driving the assembly of long plasmidic contigs, highlighting their
association with resistant taxa and the intensifying impact of anthro-
pogenic pressures on microbial communities along the pollution
gradient.

3.5. Circular contigs also relate to pollution-enriched species, and
consistently annotated plasmids originate from polluted sites

Of all co-assembled contigs, 42 were identified as circular based on
reverse-forward oriented reads, with 27 also detected by ccfind
(Fig. 4A). The identification of circular contigs provides additional ev-
idence for the mobilization and persistence of plasmidic elements in
polluted environments, offering further insights into the genetic mech-
anisms at play. The ccfind method identified an additional 856 circular
contigs, consistently more than the reverse-forward method across co-
assemblies (Fig. 4A). The RPKM abundance of the 42 circular contigs
was higher in freshwater and polluted samples, similar to linear contigs
but over a smaller range. In contrast, the 856 ccfind contigs were more
abundant in sediment and Site 1 samples (Figure S6B), likely reflecting
size differences, as 85.7 % of reverse-forward contigs were >3 kb
compared to only 29.8 % of ccfind contigs (Table S11). Larger ccfind
contigs were observed in sediment from Site 1, with third-quartile sizes
of 2774.7 bp at Site 1 and 35,148.2 bp at other co-assemblies.

Five GTDBp circular contigs contained reads classified to six of the
28 species enriched at polluted Site 3. The longest of these (24.5 kb)
mapped reads from two Mycobacterium species, with related GTDBp
reads also mapping to eight linear contigs classified as Mycobacterium
grossiae. This circular contig included a nitrogen reductase and a NO3/
NO2- transporter operon flanked by conjugation (TrwC relaxase) and
transposition elements (Fig. 4C). Two other circular contigs from
uncharacterized Mycobacterium species enriched at Site 3 were smaller
(1.3 and 1.7 kb) and contained minimal genes (Figure S7). GTDBp reads
classified to these species also mapped to 112 linear contigs, potentially
part of these circular genomes.

Plasmid detection used four methods (Plasmidfinder, PlasX, Platon,
and PlasForest; Figure S8). The largest plasmid set (1151 contigs) was
unique to PlasForest and GTDBp, with these methods identifying short
plasmids, predominantly from polluted sites, with little evidence of
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circularity (Figs. 4D and S9). These results illustrate the diversity of
plasmidic elements in polluted environments, highlighting their poten-
tial roles in facilitating resistance gene transfer and adaptation. Another
large set (676 contigs) included 47.1 % of Platon-predicted plasmids and
75.3 % of circular contigs, with 98.2 % confirmed as circular by Platon.
Of the 42 circular contigs identified by reverse-forward reads, only 20
overlapped with this set.

3.6. Plasmids acquire resistome genes along the gradient and transposable
metabolic traits associated with the pollution-enriched genus

The 673 contigs annotated as plasmids with a score >0.95 by PlasX
formed 31 networks (Figure S10A), including 77 compound contig
nodes connected by 47 directional edges representing gene cargo
transfers from shorter to longer contigs. These findings reveal the dy-
namic nature of plasmid evolution in polluted sites, with compound
plasmids playing a key role in transferring resistance and metabolic
traits. Three networks contained compound plasmids derived from two
distinct backbones, all observed at Site 3. Notably, 44.6 % and 69 % of
the cargo genes occurred within the same site or sample type, respec-
tively, with 92.8 % of plasmids involved in compound formation co-
assembled from polluted Site 2 and Site 3 water samples
(Figure S10B). Compound plasmids were more abundant in water

samples than their backbones at upstream Site 1, while in sediment, the
log-ratio of compound plasmids to backbones increased with pollution.
This trend was marginally significant between sites 2 and 3 (Kruskal-
Wallis test, H = 3.85, adjusted p-value=0.049) (Figure S10C).

One of the two largest plasmid networks demonstrated extensive
gene cargo enrichment between Site 2 and Site 3, culminating in forming
a large compound plasmid (23.8 kb) at Site 3. This plasmid included
genes for replication, conjugation, type II and IV secretion systems,
transposases, aminoglycoside resistance, and an operon for mercury
scavenging, transport, and regulation (Figure S10D, upper part).
Increased plasmid diversity and complexity were observed alongside the
rise in ARGs. The second large network consisted solely of contigs from
water samples at Site 3 and included three compound plasmids. The
longest of these was circular and encoded a transposase, a conjugative
relaxase, two resolvases, and 10 other genes, with all 10 belonging to
Mycobacteriaceae orthologs out of a total of 19 genes (Figure S10D, lower
part).

3.7. ARG enrichment along the pollution gradient largely conveys
aminoglycoside and sulfonamide resistance

On average, 1.56 (& 0.49) million open reading frames (ORFs) were
predicted per co-assembly (Table S11). Still, only 1513 ARGs were
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detected, largely (78.1 %) by deepARG, which operates on ORFs, while
abricate, abritAMR, and starARM operate on contigs (Figure S11A and
Table S13). The significant enrichment of ARGs in polluted sites high-
lights how anthropogenic pressures, particularly wastewater discharge,
drive the proliferation of resistance mechanisms in microbial commu-
nities. The number of ARGs detected by at least two annotation tools was
reduced by an order of magnitude, highlighting the conservative nature
of multi-method validation (Figure S11B). Those ARGs belonged to
aminoglycosides, beta-lactams, MLS, or sulfonamide (Figure S11C).
Irrespective of the stringency regarding method consistency, the number

Plasmidic contigs Other contigs
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of co-detected ARGs was systematically higher in contigs co-assembled
in highly polluted sites but similar across types (Figure S11D). Anno-
tations were mainly consistent for the major ARG classes (aminoglyco-
sides, beta-lactams, sulfonamide, tetracycline) that gathered 71.4 % of
the predicted genes. Yet, for 17.5 % of the ARGs, deepARG only
employed the term MLS, which was used to group annotations by other
methods to macrolide, lincosamide, and/or streptogramin b, but never
the term diaminopyridine, which was grouped as folate pathway
antagonist as per majority rule (Figure S11E). These results underline
the complexity of ARG classification, emphasizing the need for multiple

Plasmidic
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Fig. 5. Number and abundances of plasmid-carried genes and ARGs. (A) A number of genes predicted on plasmidic (left panel) and non-plasmidic (right panel)
contigs for each co-assembly, for each of the gene names annotated by eggnog-mapped (“Preferred_name” classification) and present on plasmidic contigs (more
genes have been classified in non-plasmidic contigs). Names in bold, red, and blue code for proteins associated with antibiotic resistance, metal metabolism, and
Mycobacterium, respectively (B) Total number of contigs that are plasmidic (as per > 3 approaches), that carry ARG(s) (as per all 4 software), or both. (C) Clustered
heatmap of the CLR-transformed plasmid-carried ARG read counts (numbers of genes annotated) for each final ARG class (rows) and samples (columns). For all plots,
plasmidic contigs are those co-detected by at least 3 (out of the 5) different plasmid-detection approaches, and ARGs are those co-detected by all 4 ARG-detection
software. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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annotation approaches to capture the full spectrum of resistance traits
present along the pollution gradient.

Of the 63 ARGs co-detected by all four methods, only five were found
at the upstream Site 1 (Figure S11F). These included three amino-
glycoside ARGs in water samples, which were significantly less abun-
dant than those at Site 3 (Kruskal-Wallis test, H = 11.3, adjusted p-
value=0.008), and a single sulfonamide resistance gene.

This disparity between upstream and downstream sites underscores
the cumulative impact of anthropogenic activities, with Site 3 emerging
as a critical hotspot for ARG accumulation and dissemination.

The sulfonamide resistance gene was present in two copies at each
polluted site co-assembly but reached its highest abundance at Site 3
(Kruskal-Wallis test vs. Site 2, H = 10.4, adjusted p-value=0.013)
(Figure S11G), particularly in ARG-rich water samples (Figure S11F).

Similarly, GTDBp contigs annotated to five out of seven ARG classes
were exclusively found in water samples from polluted sites. Among
these, 14 contigs carried MLS, sulfonamide, or tetracycline resistance
genes, and one contig each for folate pathway antagonist and phenicol
resistance, all observed only at Site 3. Their RPKM abundances were
systematically higher in this highly polluted site (Figure S12). These
results underscore the selective pressures exerted by pollution and
emphasize the role of water as a medium that facilitates ARG enrichment
and spread.

Increased abundances of ARGs at polluted sites were also observed in
sediment, where only one GTDBp contig carrying a sulfonamide resis-
tance gene was detected at Site 1.

3.8. Plasmidic genes related to aminoglycoside, sulfonamide, and metal
resistance abound in water and polluted samples

Among the 77 genes identified through holistic annotation with the
EggNOGS5 database, 4 were related to antibiotic resistance (aadA4, emrE,
tet(A), and tet(R)) and 12 to metal resistance (arsenic, cadmium, mer-
cury, and tellurium), all exclusively in polluted sites (Fig. 5A).

Notably, six mercury resistance genes were primarily found on
plasmids in sediment samples, although non-plasmid copies also
occurred at polluted sites. A plasmid copy of the mmpli0 gene, coding
for the Mycobacterium membrane protein large 10, was detected in the
sediment of Site 3, while non-plasmid copies were found only at
contaminated sites (Fig. 5A).

Of the 131 contigs identified by at least three plasmid-detection
methods, 14 were consistently predicted to carry at least one ARG by
all four annotation methods. Together, these contigs encoded 17 ARGs
(Fig. 5B).

CLR-transformed read counts showed the overall distribution of
plasmidic ARG abundances. Plasmids from water samples at Site 3
harbored a diverse range of ARG classes. In contrast, those from sedi-
ment samples carried a more limited set, including sulfonamide and MLS
resistance genes at Site 3 and aminoglycoside resistance genes at Site 2
(Fig. 5Q).

Interestingly, 8 ARGs were carried on plasmids corresponding to
GTDBp contigs, and these mapped reads were classified to three of the
28 species found differentially abundant at Site 3. One plasmid related to
Enterobacter sp. RHBSTW-00175 carried two MLS copies in Site 3 sedi-
ment, while three other plasmids from polluted sites were associated
with Pectobacterium zantedeschiae and carried three beta-lactam and one
aminoglycoside resistance genes. Circular GTDBp contigs were also
associated with these species (Figures S7 and S13). For Shewanella
bicestrii, two GTDBp contigs predicted as plasmidic were identified: a
short contig (757 bp) carrying a beta-lactam resistance gene and a
longer one (6 kbp) carrying both an aminoglycoside and a sulfonamide
resistance gene, both in water samples from Site 3 (Table S14).

These associations between plasmid-encoded ARGs and pollution-
enriched species underscore the complex interactions between micro-
bial taxa and plasmid-mediated resistance mechanisms in polluted en-
vironments. This suggests that plasmid genes conferring resistance to
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aminoglycosides, sulfonamides, and metals are highly prevalent in
polluted water samples, potentially equipping their hosts with multi-
resistance capabilities.

4. Discussion
4.1. Impact of pollution on microbial diversity and community structure

We demonstrate the differential impacts of pollution on plasmid and
chromosomal diversity along a tropical riverine system in Costa Rica,
despite using only triplicates per treatment in our full-factorial (habitat
type and pollution level) gradient study. As urban pollution levels
intensified, plasmidome and ARG diversity tended to rise, while chro-
mosomal diversity decreased in the water column or remained un-
changed in the upper sediment. These findings align with previous
studies on antimicrobial residues and ARGs detected in the surface water
of the Virilla River Watershed, including analysis of the plasmids from
bacterial isolates (Mendoza-Guido et al., 2024; Morales-Mora et al.,
2025; Ramirez-Morales et al., 2021; Wilkinson et al., 2022).

Anthropogenic pressures such as the release of antibiotics and other
pollutants from sources such as wastewater treatment plants (WWTPs),
landfills, and agricultural runoff, not only enhance the selection pressure
on microbial communities, fostering the spread of ARGs but also pro-
mote the persistence and mobility of these resistance determinants
across different environmental compartments, thereby posing a sub-
stantial risk to public health (Czatzkowska et al., 2022). This phenom-
enon is further exacerbated by the ability of MGEs to cluster ARGs into
resistance islands within conjugative plasmids that dominate in
multidrug-resistant bacterial populations (Vale et al., 2022; Wang and
Dagan, 2024).

In this context, heavy metals and pharmaceuticals contribute
significantly to selective pressures, driving increased plasmid diversity.
For example, mercury exposure has been shown to elevate the abun-
dance of plasmids carrying mercury resistance genes, similar to the
result obtained in our study, highlighting plasmids’ critical role in
enabling microbial communities to adapt to mercury stress (de Lipthay
et al., 2008). Furthermore, HGT is a pivotal mechanism for dissemi-
nating adaptive traits among bacteria, especially in polluted environ-
ments. As mobile genetic elements, plasmids facilitate the transfer of
genes that confer resistance to pollutants, enhancing bacterial adapta-
tion and survival. Studies have shown that plasmids can carry genes that
enable bacteria to cope with toxins and pollutants, with gene transfer
occurring across phylogenetically and geographically distant bacteria
(Petersen et al., 2019). Emerging pollutants, such as microplastics, have
also been found to promote plasmid transfer. Microplastics provide
surfaces for biofilm formation, increasing plasmid transfer frequency
among bacterial populations (Arias-Andres et al., 2018). Environmental
stressors, including heavy metals and nutrient pollution, can influence
plasmid-mediated gene transfer. For instance, when combined with
carbon and nitrogen enrichment, arsenic stress has been shown to
enhance HGT in coastal waters (Neethu et al., 2022).

Also, the decreased chromosome diversity at the highly polluted sites
can be associated with the adverse effects of pollution on most bacterial
species and the proliferation of a few, such as copiotrophs, that gain
competitive advantages under such conditions. The increased abun-
dance of these species and the decline of more sensitive, oligotrophic
bacteria suggests that environmental filtering under severe pollution
reduces ecosystem stability and resilience, affecting microbial
networking complexity (Larsson and Flach, 2022; Zhang et al., 2022).
Although previous studies have extensively addressed the effects of
pollution levels on microbial diversity in aquatic environments
(Numberger et al., 2022), we show that an urbanization-induced
pollution gradient affects the community plasmidome and its gene
content in a riverine ecosystem. Increasing the genetic diversity of the
community plasmidome reveals a striking contrast to its chromosomal
counterpart.



K. Barrantes-Jiménez et al.
4.2. Taxonomic resolution of plasmids in polluted environments

Despite their inherent mobility across taxa, the taxonomy assign-
ment to plasmid contigs offers profound insights into their ecological
roles, potential hosts, and evolutionary history. This taxonomic resolu-
tion is essential for understanding the niches plasmids occupy and their
contributions to microbial community functions across varied environ-
ments. Determining the likely host range of plasmids allows researchers
to infer ecological interactions and potential HGT pathways, which is
critical for comprehending the dissemination of antibiotic resistance and
other adaptive traits.

Our findings reveal that taxonomic resolution allowed us to char-
acterize shifts in plasmid diversity and composition across the pollution
gradient, providing insights into how environmental conditions influ-
ence the structure of the plasmidome. Other research has shown the
significance of plasmids in microbial adaptation, especially in extreme
settings like deep-sea hydrothermal vents, where they influence micro-
bial community structures and enable unique adaptive strategies
(Ciuchcinski K. et al., 2024). Incorporating taxonomic data into plasmid
analysis deepens our understanding of ecological and evolutionary
processes while informing strategies for managing microbial dynamics
in diverse ecosystems.

Assigning taxonomy to plasmid contigs advances ecological and
evolutionary studies by offering a more detailed understanding of
plasmid-mediated gene transfer. This approach is particularly signifi-
cant in polluted environments, where plasmids act as crucial vectors for
resistance gene dissemination and other adaptive traits, emphasizing the
importance of ongoing research into their ecological and evolutionary
dynamics.

4.3. Plasmid dynamics and ARG proliferation in polluted environments

The consistency in plasmid diversity patterns observed across four
independent annotation tools (PlasmidFinder, PlasForest, PlasX, and
Platon) underscores the robustness and reliability of our metagenomic
workflow for plasmid detection and characterization. Previous research
has demonstrated that standardized metagenomic approaches yield
reproducible microbial diversity profiles across spatial and temporal
gradients (Wallace et al., 2018).

Notably, our results suggest that polluted urban environments are
associated with the assembly of longer DNA contigs, potentially due to
the selection of plasmids carrying multiple gene clusters, including those
encoding ARGs and conjugation/transposition machinery (Alonso-del
Valle et al., 2021; Di Cesare et al., 2022). Furthermore, the persistent
presence of these longer contigs assigned to genera such as Mycobacte-
rium, particularly at polluted sites, aligns with previous observations
indicating that specific bacterial taxa become more prevalent in such
environments, primarily due to their robust resistance mechanisms. This
is corroborated by detecting a circular contig containing the NarGHJI
operon, which encodes the complete reduction of nitrate to ammonium
via nitrate reductase. These genes have been described in other Myco-
bacteria species, including saprophytic soil genera such as M. smegmatis
and significant pathogens like M. tuberculosis, M. bovis, and M. avium
(Amon, Titgemeyer, and Burkovski, 2009).

In environmental Mycobacteria, the presence of these genes on a
circular contig flanked by conjugation and transposition elements sug-
gests the potential horizontal transfer of this operon to other bacterial
genera, enabling the utilization of nitrate as a nutrient in environments
heavily contaminated with these compounds.

Nitrate reduction is a critical process in the nitrogen cycle with sig-
nificant agricultural, environmental, and public health implications.
However, nitrate is also a major pollutant in river waters, with high
levels of nitrates and nitrites previously reported in the surface waters of
the Virilla River Watershed. This contamination is likely driven by in-
dustrial and domestic wastewater discharges and chemical fertilizers
used in agricultural systems (Herrera-Murillo et al., 2019; Pérez-Gomez
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et al., 2021).

However, detecting genes, such as the mycobacterial membrane
protein mmpl10 in non-plasmid copies, indicates that both plasmid-
borne and chromosomal adaptations could be instrumental for micro-
bial persistence in contaminated environments. This example un-
derscores the dual mechanisms of genetic adaptation bacteria might
employ to survive under pollution-induced environmental stress
(Larsson and Flach, 2022).

The higher percentages of compound plasmids, consisting of a
backbone and additional cargo genes, suggest plasmids’ capacity to
acquire or lose genes, particularly in polluted environments. This un-
derscores the potential for mixed anthropogenic factors to accelerate
plasmid evolution (Yu M.K.et al., 2024). Moreover, the observed pres-
ence of complex plasmid networks underscores the high adaptability
and the coevolution of specific genera to carry them more effectively,
particularly in response to environmental pressures such as pollution
(Stalder et al., 2020). This emphasizes that the environmental release of
fecal bacteria may boost the evolutionary process by providing genetic
elements adapted to capture and transfer ARGs (Larsson and Flach,
2022). Remarkably, many contigs assembled in our study remained
unclassified at the species level, highlighting the limitations of meta-
genomic approaches, the constraints of current databases like GTDB,
and the potential for discovering novel microbial taxa or plasmids in
polluted environments.

This divergence in plasmid and chromosomal diversity trends was
detectable because plasmid sequences from each GTDB species were
extracted to build a dedicated profiling database, highlighting a poten-
tial limitation for studies that profile both genome types indiscrimin-
ately. However, given that the GTDB plasmid database includes only
1742 species, it likely underrepresents the true plasmid diversity and
lacks records of plasmids that can be shared across distantly related taxa.
This limitation may also explain why a third of the species detected in
plasmid profiles were absent from chromosomal profiles, potentially
influencing the observed plasmid diversity patterns.

We re-ran the read profiling against the GTDB plasmid database to
validate this pattern. However, this time using only the subset of reads
that mapped onto contigs confidently identified as plasmidic by PlasX
(score >0.9). The resulting diversity trend remained consistent with that
shown in Figure S14, further supporting the robustness of our approach.

Moreover, in these highly plasmid-enriched polluted sites, multiple
Mycobacteriales species were consistently abundant, suggesting plas-
mids proliferate within this taxonomic group, potentially facilitated by
HGT. This interpretation is further supported by the reconstruction of
plasmids carrying genes annotated to Mycobacteriales, onto which reads
classified as Mycobacteriales were also mapped.

Additionally, in previous work using sediment samples from the
Virilla River, we benchmarked various plasmid identification tools.
While each tool has distinct strengths, no single method is comprehen-
sive (Rojas-Villalta et al., 2023). This benchmarking reinforces our
multi-tool approach in this study and highlights the need for combining
methods to achieve robust plasmidome characterizations in complex
environmental samples.

While we acknowledge the limitations of relying solely on meta-
genomic data, the diversity of identified plasmids and their associated
functional cargo provide valuable ecological insights into plasmid dy-
namics across the pollution gradient. These limitations underscore the
need for further research and methodological improvements, including
database expansion. A critical avenue is understanding the mechanisms
driving plasmids’ diversity patterns and chromosomal vs. plasmids
diversification, including antimicrobial resistance spread under
anthropogenic pressures. The former includes how plasmids’ dispersal,
drift, and selection interact to promote and suppress antimicrobial
resistance spread.
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4.4. Environmental factors driving ARG dissemination in water and
sediment

The significant variation in ARG abundances among sites un-
derscores the spatial heterogeneity of ARG distribution in environ-
mental matrices. The observation that water samples exhibited higher
ARG levels than sediments aligns with previous studies (Wang et al.,
2025; Jiang et al., 2018), which report a greater diversity and abun-
dance of ARGs in surface water due to its dynamic nature and contin-
uous input from anthropogenic sources. This supports the notion that
water bodies act as conduits for ARG dissemination, facilitating their
transport and potential HGT among microbial communities. However,
sediments may serve as long-term reservoirs of ARGs, contributing to
their persistence in aquatic environments.

The predominance of sul-2, sul-1, tet(A), and tet(Q) in water samples,
particularly at Site 2, emphasizes the influence of specific environmental
conditions and pollution sources. Sulfonamide and tetracycline resis-
tance genes are commonly associated with agricultural and urban ef-
fluents in sediments, which may explain their elevated levels in aquatic
ecosystems such as the Virilla Watershed. Interestingly, the enrichment
of less abundant genes such as blargy, ermB, and gnrS in water samples at
the polluted Site 2 suggests a complex interplay of factors, including
selective pressures from antibiotic residues and the presence of mobile
genetic elements (MGEs) that facilitate HGT. The increased presence of
intl-1 at the most contaminated site (Site 3) further supports the role of
MGE:s in ARG propagation, as integrons are key players in capturing and
disseminating ARGs.

Environmental factors such as temperature, pH, and dissolved oxy-
gen (DO) play a crucial role in shaping microbial communities and
influencing ARG distribution in aquatic environments (Deng et al.,
2023; Niu et al., 2024; Yang et al., 2019; Yu et al., 2023). Temperature
and nutrient availability, for example, directly impact HGT by affecting
the prokaryotic membrane. Low temperatures (9-15 °C) negatively
impact bacterial conjugation by reducing membrane fluidity, cellular
metabolism, and pilus formation (Pallares-Vega et al., 2021). Similarly,
nutrient scarcity significantly reduces plasmid transfer, likely due to
restricted bacterial metabolism and diminished cell-to-cell interactions
(Pallares-Vega et al., 2021). Previous studies indicate that elevated
temperatures favor ARG enrichment and the proliferation of multidrug
resistance genes, as observed in riverine and wetland ecosystems (Yang
etal., 2019; Yu et al., 2023). Additionally, pH fluctuations can influence
microbial community stability and ARG persistence by altering bacterial
metabolism and DNA degradation dynamics (Niu et al., 2024). DO
depletion, often associated with organic pollution, has been linked to
shifts in microbial community composition and increased ARG mobility
(Deng et al., 2023). Our study observed distinct variations in these
physicochemical parameters along the pollution gradient, with higher
temperatures and lower DO levels recorded at the most polluted sites.
While these patterns align with previous research highlighting the role
of environmental conditions in ARG persistence and dissemination, our
findings emphasize that anthropogenic pollution is a key driver shaping
these dynamics, acting as a selective force that accelerates antibiotic
resistance evolution.

Recent studies further support the role of pollution as a key driver of
ARG proliferation. Wang et al. (2025) demonstrated that ARG abun-
dance increases at polluted sites, particularly in water samples, rein-
forcing our observations. Additionally, diverse anthropogenic activities,
including urbanization, dam construction, and agricultural runoff, have
significantly impacted ARG distribution (Liu et al., 2021). These activ-
ities promote conditions that favor ARG enrichment and dissemination,
increasing their frequency in river systems. Urbanization, for instance,
contributes to ARG diversity due to the influx of antibiotics and other
pollutants from human activities such as wastewater discharge and
agricultural runoff (Liu et al., 2021). Together, these findings strengthen
the argument that urban pollution not only selects for ARG enrichment
but also alters microbial community composition in ways that facilitate
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HGT.

The significant enrichment of ARGs and other cargo genes in the
plasmidome along the contamination gradient, particularly in the water
column, suggests that water samples may serve as hotspots for plasmid-
mediated dissemination of resistance genes. This is likely due to the high
mobility of genetic material in the water column compared to sediment,
where transport is more constrained. Our findings align with previous
research indicating that bacteria exhibit higher transport rates in the
water column than in sediment communities. However, although this
study did not quantify the horizontal transfer rate of MGEs, assessing
this process is crucial for understanding the speed and extent of gene
dissemination, which is key to addressing the spread of antibiotic
resistance in microbial communities.

The findings on the dynamic evolution of plasmids in polluted sites
reveal significant insights into the role of compound plasmids in gene
transfer, particularly concerning resistance and metabolic traits. Our
results align with previous research (Yu et al., 2024; Ciuchcinski, K.
et al., 2024), underlining plasmids as crucial vectors for HGT in stressful
environments. The formation of compound plasmids, as observed in this
study, suggests that plasmid recombination is an adaptive mechanism in
aquatic environments with high genetic mobility. This conclusion is
supported by findings demonstrating how environmental factors drive
the evolution of complex plasmid structures capable of harboring
diverse genetic traits. Additionally, the observed site- and sample-type
specificity of cargo genes aligns with previous findings, indicating that
local microbial communities influence the structure and function of the
plasmid metagenome.

Environmental pollution plays a crucial role in shaping microbial
genetic landscapes. Polluted environments act as hotspots for the evo-
lution and dissemination of resistance genes, posing significant chal-
lenges to public health and environmental management. Enriching
plasmids with resistance and metabolic traits in polluted sites highlights
the importance of understanding plasmids’ ecological and evolutionary
dynamics in response to environmental contamination.

Additionally, integrating qPCR and metagenomic approaches pro-
vides complementary insights into the environmental resistome. While
gPCR enables highly sensitive and specific quantification of selected
ARGs, metagenomics offers a broader and untargeted perspective on
resistance gene diversity (Ferreira et al., 2023). In this study, meta-
genomic analyses captured a wide array of ARGs across pollution gra-
dients, reinforcing that metagenomics is a powerful tool for surveying
ARG diversity on a large scale (Liu et al., 2019). However, as reported in
comparative studies, qPCR exhibited higher accuracy in quantifying
ARG abundance, particularly for genes present at low concentrations in
environmental matrices (Ferreira et al., 2023).

These results emphasize the need for a deeper understanding of the
interplay between environmental conditions and ARG dissemination.
Future research should aim to clarify the relative contributions of
physicochemical factors and pollution-related stressors to antibiotic
resistance trends in aquatic ecosystems. This knowledge is essential for
predicting environmental drivers of ARG distribution and developing
effective mitigation strategies. To achieve this, future studies should
increase the number of physicochemical measurements, expand sam-
pling sites, and conduct sampling across different time points or seasons.
A multivariate statistical approach could further clarify the relative in-
fluence of each factor, including anthropogenic pollution, and provide
insights into whether specific environmental parameters selectively in-
fluence plasmid-associated ARG fractions. This would improve our un-
derstanding of how ARGs persist and spread in aquatic environments.

4.5. Public health risks and the importance of monitoring environmental
resistomes

Most detected ARGs confer resistance to aminoglycosides, beta-
lactams, MLS (macrolide, lincosamide, streptogramin), and sulfon-
amides, with higher concentrations observed at the most contaminated
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sites. The variety of ARG families identified also indicates the presence
of complex contamination sources in the river, while the occurrence of
the integrase class 1 gene (intl-1) in polluted sites can be related to
enhanced recombination capacity (Singh et al., 2022; Zhuang et al.,
2021). Despite the limitation in the sample size used in this study, this
finding aligns with previous studies on ARGs detected in the surface
water of the Virilla River Watershed, where this study was also con-
ducted (Mendoza-Guido et al., 2024; Morales-Mora et al., 2025; Ram-
irez-Morales et al., 2021; Wilkinson et al., 2022). Given that more than
half of the country’s population resides in the GAM (Herrera-Murillo
et al., 2019; Mena-Rivera et al., 2018), the area analyzed likely reflects
the antibiotics usage. According to WHO reports, penicillin and other
beta-lactams are among the most consumed antibiotic groups in Costa
Rica, followed by other antimicrobials such as nitrofurantoin, MLS,
tetracyclines, and sulfonamides (WHO, 2018; Zavaleta et al., 2023).

Notably, six mercury resistance genes were found more frequently in
plasmids from the sediment samples of the most contaminated sites.
Sediments can serve as reservoirs for these metal-resistance genes,
potentially aiding their persistence and rapid dissemination in the
environment. Studies have documented the presence of heavy metals,
including mercury, in various regions of Costa Rica. For instance, mer-
cury was detected in 61.5 % of sites’ surface water sampled nationwide,
often exceeding national regulatory limits (Quirés-Bustos et al., 2022).
Furthermore, mining activities outside the GAM, such as in Tilaran, have
been identified as significant sources of metal contamination, with
leachates from abandoned sites contributing mercury and other metals
to surrounding freshwater ecosystems. (Rojas-Conejo et al., 2021). In
the Virilla River case, potential mercury sources in sediments include
industrial discharges, urban runoff, and historical agricultural practices.
These heavy metals can indirectly promote the proliferation of
antibiotic-resistant bacteria by co-selecting ARGs (Di Cesare et al.,
2022), thereby increasing human and environmental health risks.

We showed a considerable increase in ARGs, including those
conferring resistance to aminoglycosides, beta-lactams, MLS, and sul-
fonamides. These were accompanied by increased fecal contaminants
reflecting previously observed patterns in polluted environments
(Karkman et al., 2019). This is accompanied by increased plasmid di-
versity and dynamics in their genetic makeup, with individual back-
bones of plasmids gaining genes with increasing pollution. Our results
underscore the importance of distinguishing ARG dynamics on plasmids
and chromosomes in environmental monitoring to predict regional
resistance situations and to adapt antibiotic treatments. Characterizing
the environmental resistome, particularly identifying the already
mobilized and thus more easily transferrable fraction, is important to
understand the role of the environment as a source for new resistance
factors.

5. Conclusions

Pollution increases plasmidome diversity, promoting the spread of
ARGs and altering microbial communities, especially in water. Studying
both water and sediments is essential to understanding ARG
dissemination.

Plasmids are key drivers of microbial adaptation, accelerating ARG
acquisition under pollution stress. Their diversity makes them useful
biomarkers for monitoring contamination and public health risks.

Environmental conditions influence ARG persistence and mobility,
reinforcing the role of pollution as a selective force in resistance
evolution.

Tracking plasmids improves AMR surveillance and helps differen-
tiate between chromosomal and plasmid-borne ARGs, guiding better
pollution management strategies.
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physicochemical data, primers, gBlocks sequences, and figures based on
this study’s results.

All metagenomic analysis software ran on the computer clusters
SAGA (Sigma2, Norwegian Research Infrastructure Services) and Kabré
(CeNAT Costa Rica), where SLURM 23.02.7 (76) jobs were written by
‘metagenomix’ (https://github.com/FranckLejzerowicz/metagenomix).
Fully documented post-processing scripts and Python jupyter notebooks,
as well as configuration files (databases, pipeline, modules, non-default
parameters) to generate the commands used for all software and to
replicate analyses are openly available at https://gitlab.com/alpe
r1976/marmip/-/tree/main/keilor/papers/virilla_river/metagenomes.

The paired Fastq files containing the raw sequencing data, sample
metadata, and experimental preparation information have been depos-
ited to the European Nucleotide Archive under study accession number
ERP163439 (runs accessions ERR13584077-ERR13584094).
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