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A B S T R A C T

Anthropogenic activities can significantly impact wildlife in natural water bodies, affecting not only the host’s 
physiology but also its microbiome. This study aimed to analyze the gut microbiome and antimicrobial resistance 
gene profile (i.e., the resistome) of yellow perch living in lakes subjected to different levels of anthropogenic 
pressure: wastewater effluent-impacted lakes and undeveloped lakes. Total DNA and RNA from gut content 
samples were extracted and sequenced for analysis. Results indicate that the gut resistome and microbiome of 
yellow perch differ between lakes, perhaps due to varying anthropogenic pressure. The resistome was pre-
dominated by macrolide resistance genes, particularly the MLS23S group, making up 53 % of resistome se-
quences from effluent-impacted lakes and 73 % from undeveloped lakes. The colistin resistance gene group (mcr) 
was detected in numerous samples, including variants associated with Aeromonas and the family Enterobacteri-
aceae. The gut microbiome across all samples was dominated by the phyla Proteobacteria, Firmicutes, and 
Actinobacteria, with the opportunistic pathogens Plesiomonas shigelloides and Aeromonas veronii more abundant 
in effluent-impacted lakes. Metagenomic analysis of wild fish samples offers valuable insights into the effects of 
anthropogenic pressures on microbial communities, including antimicrobial resistance genes, in water bodies.

1. Introduction

Antimicrobial resistance (AMR) is a complex global health threat, 
affecting humans, animals, and the environment [1]. AMR, mediated by 
antimicrobial resistance genes (ARGs), occurs naturally [2], but sources 
of anthropogenic origin can potentially increase AMR in the environ-
ment. Effluent from wastewater treatment plants, healthcare facilities, 
antibiotic manufacturing plants, and animal husbandry can contribute 
to the antimicrobials and ARGs found in aquatic environments like 
rivers and lakes [3,4]. Other compounds such as heavy metals [5], 

pesticides [6] and non-antimicrobial pharmaceuticals [7] can also 
contribute to the emergence of antimicrobial resistance and ARGs in 
environmental ecosystems. Wildlife in these areas are exposed to these 
compounds, potentially altering their resistomes and microbiomes 
compared to unexposed wildlife [8].

Wild fish are of particular interest, as they are able to bioaccumulate 
compounds like antimicrobials [9,10], and microbial communities 
within the fish, such as the gut microbiome, have been found to harbor 
AMR microbes [8,11]. As such, wild fish have been proposed as sentinels 
and disseminators of AMR [12]. Zhou et al. (2021) found a similar 
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distribution of ARGs in wild fish and water, suggesting an exchange 
between the two [13]. Ballash et al. (2022) demonstrated that fish from 
rivers receiving wastewater containing ARGs, antibiotics and AMR 
bacteria, are effective bioindicators of contaminated waters [10]. 
However, data on this topic remains scarce.

In Minnesota (MN), United States, lakes and their fish inhabitants 
have been studied to determine the ecological distribution of contami-
nants of emerging concern, including antimicrobial compounds [14]. A 
wide range of concentrations of antimicrobials have been found across 
lakes with different gradients of anthropogenic impacts. For example, 
azithromycin, roxithromycin, and miconazole have been found in 
certain MN lakes, and these compounds have been associated with im-
pacts on aquatic species at the genetic, physiological, and behavioral 
levels [14,15].

Among fish species living in MN, yellow perch (Perca flavescens) is 
relevant for subsistence in some Ojibwe communities, and as prey for 
economically important fish species like walleye (Sander vitreus) [16]. 
To date, few studies have characterized the microbiome of yellow perch 
through 16S rRNA gene sequencing [17–19], which cannot accurately 
discriminate at lower taxonomic levels [20] or detect ARGs across the 
microbiome (termed the resistome). Few metagenomic studies have 
characterized the resistome of wild fish living under varying anthropo-
genic pressures [21,22]. This is a major gap in the scientific literature, 
especially considering the relevance of wild fish as sentinels of patho-
genic bacteria and ARGs, as well as their importance as a subsistence 
food source for some human populations. To help address this knowl-
edge gap, we sampled intestinal contents from yellow perch across 
several MN lakes under varying anthropogenic pressure. Our objective 
was to characterize the resistome and microbiome of yellow perch in-
testinal contents at both the DNA and RNA levels. We hypothesized that 
both the DNA and RNA resistome profiles would be more diverse in 
samples collected from lakes with more anthropogenic impact.

2. Material and methods

2.1. Sample collection and study site

Yellow perch were sampled from five lakes (Shagawa, Trout, 
Whitewater, Ball Club, and Elbow) in northern MN during two sampling 
campaigns: September 2018 (N = 96) and July 2019 (N = 68). These 
lakes were chosen for their accessibility and classification in a previous 
study [14] as being subjected to different levels of anthropogenic pres-
sure, i.e., receiving wastewater effluent (“effluent-impacted”, Shagawa 
and Whitewater) or without any shoreline development (“undevel-
oped”, Trout, Ball Club, and Elbow). Lake location coordinates are 
available in Supplemental Table 1.

Fish were captured using electrofishing and euthanized by manually 
applied blunt force trauma (cranial concussion), followed by brain 
pithing, in accordance with a method described by the American Vet-
erinary Medical Association included in an approved protocol (Univer-
sity of Minnesota IACUC protocol ID: 1803-35736A). Fish selected for 
sampling were 10–20 cm in length (~50–150 g in weight), and grossly 
healthy with no visible lesions or abnormalities. After euthanasia, an 
incision along the ventral midline was made to remove the intact 
gastrointestinal tract, and intestinal contents were extracted into frozen 
15 ml Falcon tubes. In 2018, samples were preserved in RNAlater 
(ThermoFisher, USA) (N = 24) or liquid nitrogen (N = 72), while all 
2019 samples were preserved in liquid nitrogen. After collection, all 
samples were stored at − 80 ◦C until nucleic acid extraction.

2.2. Nucleic Acid Extraction and library preparation

Nucleic acids were extracted from intestinal content samples using 
the DNeasy PowerSoil Pro Kit (Qiagen, Hilden, Germany) per the 
manufacturer’s instructions. Frozen fecal samples were ground in a 
prechilled, sterile mortar with liquid nitrogen, using sterile pestles, and 

then divided for DNA and RNA extractions. All scalpels, spatulas, and 
forceps were made nuclease-free and prechilled in liquid nitrogen before 
use. Approximately 100 mg of feces was weighed into prechilled, 
nuclease-free microfuge tubes to prevent thawing before extraction.

Samples stored in RNAlater were centrifuged, and the supernatant 
was removed, leaving only the solid feces. For DNA extraction, 100 mg 
of feces was placed in the PowerBead Pro tube with 800 μl of CD1 so-
lution. RNA was extracted using the RNeasy Power Microbiome Kit 
(Qiagen), following the manufacturer protocol. Briefly, 100 mg of feces 
was placed into the PowerBead Tube, and 650 μl PM1 and 6.5 μl β-ME 
were added to the tube. Both DNA and RNA extraction involved vor-
texing PowerBead tubes for approximately 10 s to ensure homogeniza-
tion. Cells were disrupted using a bead beater (BioSpec Products, USA), 
following an optimized method [23]. DNA samples for extraction were 
processed with Inhibitor Removal Technology (IRT) to eliminate in-
hibitors. After vortexing, the PowerBead tubes were centrifuged at 
15,000 ×g for 2 min and the supernatant was collected for subsequent 
steps. DNA extraction steps were automated using the QIAcube Connect 
instrument (Qiagen), while RNA extractions were performed manually. 
DNA and RNA concentration were measured with the Qubit 4 Fluo-
rometer (ThermoFisher) and integrity was checked with the TapeStation 
4200 (Agilent Technologies, USA).

Due to limited fecal amounts and low quantity and integrity of some 
nucleic acids, we were able to generate DNA libraries for 38 samples and 
RNA libraries for 24 samples (Suppl. Table 1). DNA libraries were pre-
pared with 100 ng of input DNA using the QIAseq FX DNA Library Kit 
(Qiagen). RNA libraries were made with 100 ng of input RNA using the 
QIAseq Stranded RNA Library Kit (Qiagen) following manufacturer 
protocols. rRNA was removed using the QIAseq FastSelect –5S/16S/23S 
Kit (Qiagen) before metatranscriptomic library preparation. To avoid 
fragmentation due to low RNA integrity, heat fragmentation was 
omitted. Library quality and quantity were assessed using the TapeSta-
tion 4200 and Qubit 4.0. DNA and RNA libraries were pooled separately 
for paired-end sequencing on S4 flow cells of the NovaSeq 6000 (Illu-
mina) at the University of Minnesota Genomics Center.

Table 1 
Results from the Permutational Analysis of Variance (PERMANOVA) at the 
phylum, genus, species and OTU levels (microbiome); and at the ARG group 
level (resistome), using both the DNA and RNA shotgun datasets.

Microbiome Resistome

Phylum Genus Species OTU ARG group

DNA shotgun 
sequencing

Anthropogenic 
pressure

F = 3.26, 
R2 =

0.08, P =
0.02

F =
2.41, 
R2 =

0.06, P 
= 0.03

F = 2.50, 
R2 =

0.06, P 
= 0.03

F =
2.50, 
R2 =

0.06, P 
= 0.02

F = 3.25, 
R2 = 0.08, 
P = 0.03

Lake F = 1.41, 
R2 =

0.11, P =
0.18

F =
1.33, 
R2 =

0.10, P 
= 0.14

F = 1.33, 
R2 =

0.10, P 
= 0.16

F =
1.33, 
R2 =

0.10, P 
= 0.14

F = 1.21, 
R2 = 0.09, 
P = 0.02

RNA shotgun 
sequencing

Anthropogenic 
pressure

F = 3.74, 
R2 =

0.12, P =
0.01

F =
3.00, 
R2 =

0.10, P 
= 0.01

F = 2.94, 
R2 =

0.11, P 
= 0.008

F =
2.94, 
R2 =

0.11, P 
= 0.01

F = 1.73, 
R2 = 0.08, 
P = 0.11

Lake F = 2.08, 
R2 =

0.21, P =
0.02

F =
1.84, 
R2 =

0.20, P 
= 0.02

F = 1.67, 
R2 =

0.19, P 
= 0.03

F =
1.67, 
R2 =

0.19, P 
= 0.02

F = 0.41, 
R2 = 0.05, 
P = 0.98
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2.3. Bioinformatic analysis of the resistome and microbiome

An extended description of bioinformatic analysis can be found in 
supplementary data. DNA and RNA datasets were processed separately. 
Demultiplexed sequence reads were analyzed with the AMR++/v3.0 
pipeline [24], including quality control and removal of host reads (host 
genome accession No: GCF_004354835.1_PFLA_1.0). Non-host reads 
were used for taxonomic classification with Kraken2 using default set-
tings [25]. The resulting operational taxonomic unit (OTU) count matrix 
was used for downstream microbiome analysis.

For resistome analysis, non-host reads were aligned to ARG se-
quences in the MEGARES/v3.0 database using default settings, 
including a gene fraction coverage cutoff of 0.80 [24]. Single Nucleotide 
Polymorphism (SNP) confirmation was included with the ‘–snp Y’ flag. 
The resulting count matrix was used for downstream analysis. For 
microbiome and resistome analyses, the respective count matrices, 
taxonomy tables, and sample metadata were used to create a phyloseq 
object with the Phyloseq v1.36 package. All analyses were performed in 
R/v4.1.0. To explore ARGs of public health concern, relevant detected 
ARG sequences within MEGARES were compared with NCBI sequences 
using the nucleotide basic local alignment tool (BLASTn) (https://blast. 
ncbi.nlm.nih.gov/Blast.cgi).

2.4. Bioinformatic procedures to assemble genomes from metagenomes

DNA shotgun sequences from undeveloped and effluent-impacted 
lakes underwent de novo assembly with MEGAHIT/v1.2.9 to generate 
contiguous sequences (contigs) with a minimum size of 1000 base pairs. 
The resulting assemblies were processed through the GeNomad/v1.8.0 
pipeline using the end-to-end command for plasmidome and virome 
identification [26]. Subsequently, individual fasta files were used to 
construct a contig fasta database using Anvi’o/v8.0 [27], where k-mer 
frequencies and open reading frames were computed and identified via 
Prodigal/v2.6.3. Next, Hidden Markov Models were generated to 
annotate bacterial single-copy core genes from the Genome Taxonomy 
Database (GTDB) (Bacteria_71) through HMMER/v3.4. Contigs were 
indexed using Bowtie2/v2.3.4.1, and resulting index files were aligned 
to contigs, yielding a BAM file for each sample. Binning of contigs was 
conducted with anvi-cluster-contigs using Metabat2 [28]. Thresholds for 
construction of metagenome assembled genomes (MAGs) were set at 
>70 % completion and < 10 % redundancy. Finally, GeNomad was run 
on each individual MAG to identify plasmids and viruses within each set 
of lakes. Additionally, we transformed the GeNomad output of protein 
family (Pfam) annotations to gene ontology (GO) terms to elucidate the 
functional potential of identified plasmids and viruses. The redundancy 
of plasmidome and virome GO profiles was simplified based on semantic 
similarity groupings as specified with rrvgo/v1.4.4. The simplified 
profiles were used to perform principal coordinates analysis (PCoA), and 
the first two coordinates of the PCoA were visualized with the rrvgo 
package.

2.5. Statistical analysis

Primary independent variables of interest were lake ID (i.e., Sha-
gawa, Trout, Whitewater, Elbow, Ball Club), and anthropogenic pres-
sure (effluent-impacted versus undeveloped). To compare diversity 
within samples, alpha diversity measurements (i.e., richness, Shannon 
diversity, Pielou’s evenness index) were calculated using the phyloseq 
and microbiome/v1.14 packages, following aggregation of counts at the 
phylum, genus and species levels. Differences in alpha diversity between 
anthropogenic pressures were assessed with non-parametric Wilcoxon 
rank-sum tests (W), with a significance level of P < 0.05.

To compare diversity in the microbial community structure between 
groups (i.e., beta diversity), we calculated Bray-Curtis dissimilarities 
with the phyloseq package, and used these distance values to perform 
ordination using the non-metric multidimensional scaling (NMDS) 

method. Ordinations were visualized with the ggplot2/v3.5.1 package. 
To test whether variance in beta diversity was significantly associated 
with lake ID or anthropogenic pressure, we performed Permutational 
Analysis Of Variance (PERMANOVA, adonis2 function in vegan R pack-
age). A value of P < 0.05 was considered statistically significant.

The same statistical tests were conducted on the resistome count 
matrix, including alpha and beta diversity outcomes. Alpha diversity 
indices were computed at the ARG group level, while beta diversity was 
performed at the ARG accession level, using the MEGARES ontology 
[24]. The differential relative abundance of ARG groups between lakes 
with varying anthropogenic pressure was calculated using the MaAs-
Lin2/v1.4 package. To ensure robust results, taxa with a relative abun-
dance lower than 0.001 % or sample prevalence lower than 10 % were 
excluded. Feature counts were normalized with the cumulative sum 
scaling (CSS) method implemented in metagenomeSeq/1.36 package and 
transformed to the logarithmic scale. The Benjamini-Hochberg method 
was used to calculate adjusted P-values, which were considered signif-
icant at <0.05.

3. Results

3.1. Sequencing results

Out of 164 total samples collected in 2018 and 2019, complete 
sequencing was achieved for 24 and 38 samples for RNA and DNA 
shotgun samples, respectively. RNA shotgun data generated 2.76B raw 
reads, averaging 114.98 M reads per sample (median: 116.27 M, range: 
56.88 M - 163.89 M reads per sample). Read quality filtering removed an 
average of 1.9 % of raw reads from each sample (range: 0.7–5.9 %), and 
subsequent filtering of host-aligned reads resulted in an average of 42.2 
% of reads per sample for further analysis (range: 24.7–48.3 %). For the 
resistome analysis, an average of 5.6 % of reads aligned to ARGs (me-
dian: 1.9 %, range: 0.3–22.0 % per sample). Ninety-eight unique ARGs 
were identified from 19 classes, 24 mechanisms, and 31 groups. For 
microbiome analysis, an average of 18.4 % of reads were classified per 
sample (median: 36.9 %, range: 14.9–49.9 %) resulting in 56,540 OTUs: 
55 % Eukaryota, 35 % Bacteria, and 10 % “Others” (i.e., Archaea, vi-
roids, viruses).

DNA shotgun data produced 2.65B raw reads, averaging 69.99 M 
reads per sample (median: 69.13 M, range: 47.17 M - 96.26 M). Quality 
filtering removed 0.33 % of reads per sample (range: 0.21–0.49 %), and 
subsequent filtering of host-aligned reads resulted in an average of 
45.67 % of reads per sample for further analysis (range: 43.42–48.39 %). 
For resistome analysis, an average of 0.1 % of reads aligned to ARGs 
(median: 0.06 % range: 0.0004–0.3 % per sample). A total of 1830 ARGs 
were identified from 50 classes, 155 mechanisms, and 659 groups. For 
microbiome analysis, 15.0 % of reads were classified per sample (me-
dian: 14.3, range: 5.9–22.9 %), resulting in 259,431 OTUs: 74.5 % 
Eukaryota, 17 % Bacteria, and 7.9 % ‘Others’.

3.2. Alpha diversity

In the RNA shotgun dataset, samples from undeveloped lakes had 
higher resistome richness but lower Shannon’s and Pielou evenness, as 
compared to impacted lakes (Shannon: W = 95, P = 0.06, Pielou’s 
evenness: W = 98, P < 0.05). For the DNA shotgun dataset, resistome 
richness was significantly higher in undeveloped lakes (W = 103, P <
0.05, Fig. 1A, D). Microbiome diversity in RNA shotgun data was higher 
in undeveloped lakes at the phylum (Shannon: W = 12, P < 0.001, 
Pielou evenness: W = 10.1 P < 0.01) and genus levels (Shannon: W =
20, P < 0.01) (Suppl. Fig. 1B, C, E). In DNA shotgun data, microbiome 
alpha diversity was higher in samples from undeveloped lakes, however 
this was not statistically significant (richness, Shannon, Pielou evenness: 
P > 0.05, Suppl. Fig. 2).
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3.3. Beta diversity

PERMANOVA analysis indicated significant differences in resistome 
beta diversity from DNA shotgun data by lake and by anthropogenic 
pressure (PERMANOVA results for lake ID: R2 = 0.09, P < 0.05, 
anthropogenic pressure: R2 = 0.08, P < 0.05) (Table 1, Fig. 2A), while 
these differences were not statistically significant for the RNA shotgun 
dataset (P > 0.05) (Fig. 2B). With regards to microbiome beta diversity, 
we found significant differences in the DNA shotgun data by anthropo-
genic pressure at all taxonomic levels (P < 0.05) (Fig. 2C); and in the 
RNA shotgun data by both lake ID and anthropogenic pressure (P < 
0.05) (Fig. 2D) (Table 1).

3.4. Taxonomic composition and differential abundance

In both the RNA and DNA shotgun datasets, the most abundant ARG 
group was MLS23S (Fig. 3A–B). MaAslin2 differential abundance testing 
showed higher abundances of parE and rpoB ARG groups in effluent- 
impacted lakes compared to undeveloped lakes (log10 = 3.47, SE =
0,93, adjusted P < 0.05, and log10 = 3.55, SE = 0.93, adjusted P < 0.05, 
respectively). The dominant phyla in both ‘omics datasets were Pro-
teobacteria, Firmicutes and Actinobacteria (Fig. 4A). In effluent- 
impacted lakes, Firmicutes comprised 51 % of all taxa, followed by 
Proteobacteria (39 %), and Actinobacteria (1.5 %). In undeveloped 
lakes, the dominant phyla were Proteobacteria (77 %) and Firmicutes 
(13 %). At the genus level, the predominant taxa across all samples were 
Plesiomonas (27.6 %), Clostridium (20.6 %), and Aeromonas (18.9 %) 
(Fig. 4B). The three most abundant species across all samples included 
P. shigelloides (27.6 %), A. veronii (10.7 %), and C. perfringens (4.3 %) 
(Fig. 4C).

3.5. Identification of mcr sequences with BLASTn and MAG 
reconstruction

To identify the specific mcr genes detected in the DNA dataset 
(Fig. 3A–B), we compared the sequences of detected mcr genes to those 
in the NCBI database using BLASTn. Results showed alignments to mcr- 
7, mcr-3 and mcr-9 genes from Aeromonas, and Enterobacteriaceae 
family members including Salmonella, Escherichia, and Klebsiella.

In effluent-impacted lakes, 1.4 million contigs were assembled from 
15 samples, generating 178 bins with Metabat2. From these, 10 MAGs 
were selected based on predefined thresholds of completion and 
redundancy [29], with 70 % (7/10) identified at the species level, 
including Plesiomonas shigelloides, Brevinema andersonii, and Paeniba-
cillus alvei (Suppl. Table 2, Suppl. File 3). Additionally, GeNomad 
identified 23,865 plasmids and 5532 viruses across the samples from 
effluent-impacted lakes. In undeveloped lakes, 1.7 million contigs from 
21 samples led to the assembly of 287 bins, with 31 MAGs meeting the 
criteria. Of these, 48 % (15/31) were identified at the species level, 
including Limnosomonas limnophila, Enteroccocus rivorum, and Neo-
rickettsia helminthoeca (Suppl. Table 2, Suppl. File 3). A total of 15,657 
plasmids and 6922 viruses were identified in undeveloped lake samples. 
A large proportion of MAGs had poor taxonomic representation, with 53 
% (22/41) classified at the species level and 17 % (7/41) classified at the 
domain level.

Functional enrichment analysis with GeNomad revealed diverse 
viromes in the DNA shotgun data. The viromic functional profiles in 
both effluent-impacted and undeveloped lakes were dominated by ele-
ments involved in viral replication, recombination, transcription, and 
transmembrane transport (Suppl. Fig. 3A–B). The plasmidome profile in 
samples collected from effluent-impacted lakes had a higher proportion 
of sequences associated with response to antibiotics and protein secre-
tion. The plasmidome in samples from undeveloped lakes had a rela-
tively high representation of sequences associated with protein 
transport/secretion, and cellular response to DNA damage (Suppl. 

Fig. 1. Resistome alpha diversity in the RNA shotgun data (A, B, C) and the DNA shotgun data (D, E, F). Indices shown: richness (A, D), Shannon diversity index (B, 
E), and Pielou’s evenness index (C, F). Each dot represents a single sample, and observations are grouped by anthropogenic pressure (x-axes), and colored by lake. 
The larger empty circles represent the mean value for each lake.

O. Jimenez-Lopez et al.                                                                                                                                                                                                                        One Health 19 (2024) 100933 

4 



Fig. 3C–D).

4. Discussion

We characterized the gut microbiome and resistome of yellow perch 

sampled in effluent-impacted and undeveloped lakes in MN. Previous 
research suggests that wildlife plays an important role in the acquisition 
and dissemination of AMR [8,12], and we focused specifically on a wild 
fish population with importance for both the lake ecosystem and for 
indigenous lifeways in MN.

Fig. 2. Non-metric Multidimensional Scaling (NMDS) analysis of the resistome and microbiome. A) NMDS of DNA shotgun dataset at the ARG level. B) NMDS of RNA 
shotgun dataset at the ARG level. C) NMDS of DNA shotgun dataset at the OTU level. D) NMDS of RNA shotgun dataset at the OTU level.

Fig. 3. Relative abundance of A) ARG groups within the RNA shotgun dataset and B) DNA shotgun dataset. Each column represents one sample, and samples are 
grouped by anthropogenic pressure and lake.
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4.1. Metagenomic sequencing revealed diverse resistome patterns across 
lakes under varying anthropogenic pressures, while metatranscriptomic 
sequencing revealed a narrower range of actively transcribed ARG groups

Our results suggest that the resistome composition of fish GI contents 
differs between lakes, and may be associated with differences in 
anthropogenic pressure. Xue et al. (2021) used 16S rRNA gene 
sequencing and ARG quantification in fish from rivers, finding an 
enrichment of ARGs in fish gut microbiomes living downstream from 
effluent-impacted water versus fish living in waters upstream [8]. 
Similarly, Guan et al. (2022) found comparable results in using DNA 
shotgun sequencing [22]. However, we could not identify any other 
publications comparing fish microbiomes and resistomes across 
anthropogenic pressure gradients using metagenomics and 
metatranscriptomics.

DNA shotgun sequencing identifies ARGs present in a sample but 
cannot differentiate actively transcribed ARGs at the time of sampling 
[30,31]. To address this, we performed metatranscriptomics. Based on 
this paired DNA-RNA analysis, we observed a relatively diverse resis-
tome profile at the DNA level, but this diversity was not fully reflected 
within the RNA dataset (Fig. 1a–f). This suggests that not all ARGs 
within the microbiome were actively transcribed during sampling, 
indicating conditional transcription of ARGs and/or differences in the 
overall metabolic activity of different subpopulations within the 
microbiome. The initiation of transcription is likely multi-factorial, and 
could include activation of generic stress responses and/or response to 
antimicrobial compounds within the lake. The SOS response in partic-
ular has been associated with increased mutation rates within genes that 
can confer antimicrobial resistance, which includes the MLS 23S gene 
that was predominant within the metatranscriptome profile [32]. 
Despite precautions to preserve RNA, its inherent instability may have 
led to degradation during the workflow, potentially biasing our meta-
transcriptomic ARG profile [33].

Regarding the resistome, our results showed a high prevalence of 
MLS23S in both DNA and RNA shotgun sequencing datasets (Fig. 3). 
This dominance, previously described in other fish species, suggests MLS 

groups may be present in plasmids [22]. The MLS23S gene confers 
macrolide resistance through a 23S rRNA gene mutation, reported in 
many pathogens, including Escherichia coli, Helicobacter pylori, Myco-
bacterium sp., and Mycoplasma sp. [34]. Detecting mutation-based ARGs 
within ‘omics datasets is challenging due to the need for SNP verifica-
tion, which we addressed with a bioinformatic SNP verification work-
flow [24]. Our study was not designed to identify the origin of detected 
ARGs such as the predominant MLS23S ARG, but previous studies have 
also reported a relatively high prevalence of MLS23S in samples from 
pristine environments [35].

Additionally, we observed the mcr gene group in both lake cate-
gories, with higher relative abundance in samples from undeveloped 
lakes (Fig. 3). This ARG group can be concerning due to its potential to 
confer resistance to colistin, an antimicrobial of last resort [36]; how-
ever, some variants are less clinically relevant than others, most notably 
mcr-9 [37]. First described as mcr-1 in E. coli isolates from human, 
chicken and swine in China in 2015 [38], variants mcr-2 through mcr-9 
have since been found in isolates from humans, animals and the envi-
ronment [39]. The mcr variants are also widely distributed within 
metagenomic datasets [40]. In our study, sequences matching variants 
mcr-3, mcr-7 and mcr-9 appeared in both RNA and DNA datasets, with 
mcr-3 being the most common. mcr-3, first reported in a human E. coli 
isolate [41], has been reported to be prevalent in water samples near 
human communities in South Africa [42] and is often reported within 
isolates of Aeromonas spp. [42], a relatively abundant taxon in our 
samples (Fig. 4B–C). mcr-9, more commonly reported than mcr-3, was 
the most frequent mcr variant reported in a recent analysis of >214,000 
metagenomic samples [40]. Therefore, like mcr-3, its presence within 
our sample set is not unexpected. We were not able to find existing data 
regarding mcr prevalence within environmental or animal samples 
collected in Minnesota, but Martiny et al. reported that mcr-4 had a 
higher prevalence than other mcr variants in samples collected from 
Lake Huron [40].

The presence of antimicrobial compounds in MN lakes and ARGs in 
aquatic environments has been previously reported [4,14,15], and 
environmental antibiotics can contribute to the emergence and 

Fig. 4. Relative Abundance of the DNA shotgun sequence dataset. A) Relative abundance at phylum level. B) Relative abundance at genus level. C) Relative 
abundance at species level. Each column represents one sample, and samples are grouped by anthropogenic pressure and lake.
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persistence of ARGs [8,11]. Previous research in MN lakes reported the 
macrolides azithromycin and roxithromycin in effluent-impacted and 
undeveloped lakes, respectively [14,15]. We found higher relative 
abundance of rpoB and parE, with known resistance-conferring muta-
tions, in effluent-impacted lakes. These ARGs confer resistance to 
rifampicin and fluoroquinolones, respectively. Previous studies in MN 
lakes have detected fluoroquinolones, particularly ciprofloxacin, in 
undeveloped lakes and sarafloxacin in effluent-impacted lakes [14]. 
Further research is needed to integrate antimicrobial contaminant 
detection with the study of antimicrobial metabolites, AMR and mi-
croorganisms through integrated ‘omics analysis.

Future ‘omics based studies should carefully address challenges with 
samples of wild-caught fish, particularly preserving RNA for metatran-
scriptomic analysis [33]. We excluded numerous samples due to pres-
ervation issues (in particular, the use of liquid nitrogen within field 
conditions), and insufficient DNA and RNA yields. Many fish had little or 
no fecal matter in their GI tracts, worsening the low yield problem and 
resulting in high amounts of host DNA/RNA in our datasets. Future 
studies should consider use of protocols for low biomass samples and 
include negative and positive controls to assess contamination and 
sequencing performance [43,44]. For resistome studies, target- 
enrichment protocols can decrease host-associated nucleic acids while 
increasing the relative abundance of ARG-associated nucleic acids. 
However, these protocols bias the non-ARG content of the sample, thus 
precluding microbiome analyses [45].

4.2. Lake-level factors beyond anthropogenic pressure influence the 
intestinal microbiome and resistome of yellow perch

Few studies have characterized the metagenome of wild fish, with 
most using targeted 16S rRNA gene sequencing for microbiome analysis 
[46]. Even fewer studies focus on the microbiome of yellow perch 
[17–19]. Recent studies reported that cadmium exposure, a metal 
contaminant in wastewater, impacted the gut microbiome diversity of 
juvenile yellow perch [17,18]. Another study showed that dietary 
exposure to microplastics increased the phyla Proteobacteria and Bac-
teroidetes in the gut microbiome [19]. In our study, we found that 
richness and Shannon’s diversity were higher in samples from unde-
veloped lakes, but this was statistically significant only at the phylum 
and genus levels from the RNA dataset. Beta diversity analysis revealed 
significant differences due to anthropogenic pressure and lake ID, with 
lake ID explaining most variation. This suggests that factors beyond 
anthropogenic pressures contribute to lake-to-lake variation in the yel-
low perch GI microbiome, including lake-specific microclimate, water 
composition, and dietary sources [47]. Environmental pollution, such as 
wastewater drainage into pristine environments, also shapes the gut 
microbiome of wild fish [48]. More research is needed to confirm the 
causal role of anthropogenic inputs in shaping the microbiome of yellow 
perch.

4.3. Fish from effluent-impacted lakes contained higher levels of bacteria 
of public health concern

In our study, the intestinal microbiome was dominated by Proteo-
bacteria, Firmicutes and Actinobacteria, consistent with previous re-
ports of the gut microbiome in teleost fish [49]. At the genus level, 
Plesiomonas, Aeromonas, and Clostridium were dominant in effluent- 
impacted lakes. Notably, P. shigelloides and A. veronii, associated with 
fish diseases [50–52] and potential zoonotic threats [53,54] were found 
in higher relative abundance in these samples as compared to samples 
from non-impacted lakes. Aeromonas, a proposed indicator of AMR in 
aquatic environments [55], was relatively highly abundant within the 
yellow perch gut microbiome in our study [12,56].

4.4. Opportunistic, poorly characterized, and unknown bacteria were 
recovered from intestinal samples of yellow perch

To date, no studies have reported MAGs recovered from yellow perch 
gut samples. While the genus Aeromonas was relatively abundant in our 
samples, we could not retrieve MAGs with sufficient completeness and 
redundancy. However, we retrieved MAGs from P. shigelloides in 
effluent-impacted lakes. This species was reported to be resistant to 
lincomycin and susceptible to sulfamethoxazole-trimethoprim and cip-
rofloxacin [57], and has been described as a carrier of ARGs for tetra-
cycline and florfenicol in tilapia aquaculture in Brazil [58]. Our 
P. shigelloides MAG contained five plasmids related to secretion systems 
and one virus from the class Caudoviricetes.

Several of our retrieved MAGs have been previously described and 
isolated from natural water environments (Suppl. Table 2). Notably, the 
Paenibacillus alvei MAG contained the plasmid conjugation gene TcpC. 
The transfer clostridial plasmid (Tcp) conjugation system has been 
deeply characterized in the gram-positive pathogen Clostridium per-
fringens and is important for the spreading of virulence and resistance 
determinants [59]. Several MAGs in our samples harbored plasmids and 
viruses known to be involved in AMR. The ability to utilize non- 
reference-based methods such as MAGs is critical for robust meta-
genomic analysis, especially for underrepresented samples that tend to 
suffer from low classification rates based on current genomic databases. 
Future fish microbiome studies should consider a MAG approach to 
enhance the knowledge of underexplored fish-associated bacteria.

4.5. Limitations and future steps

A major limitation of our study was the small number of lakes, 
compounded by the significant variation in microbiome and resistome 
profiles linked to lake ID. Future studies should increase the number of 
lakes, particularly if examining lake-level factors such as anthropogenic 
pressures. Given the importance of lake ID in beta-diversity of our 
samples, we recommend that future studies also include more extensive 
metadata collection and analysis for a larger number of lakes; important 
metadata factors include weather patterns, water quality parameters, 
and levels of anthropogenic-origin compounds within the water. 
Another limitation of our study was the low relative abundance of ARGs 
and microbes within the RNA and DNA shotgun datasets. This aligns 
with reports that ARGs often represent less than <1 % of total sequence 
data, usually below <0.1 % [45]. Additionally, our microbiome analysis 
classification rates were very low, even compared to other understudied 
host species [60]. Future studies could improve these rates through 
molecular-based enrichment methods for resistome analysis [45] and 
agnostic bioinformatic methods for identifying novel microbial ge-
nomes, such as MAGs [22]. Finally, linking ARGs to bacterial hosts re-
mains challenging with current metagenomic and metatranscriptomic 
data, as no robust bioinformatic methods exist for this analysis [61]. 
Long-read sequencing could help identify bacterial hosts of transcribed 
and non-transcribed ARGs, offering a more complete understanding of 
why certain ARGs are maintained and/or transcribed within the wild 
perch population, under varying environmental conditions.

5. Conclusions

This study characterizes the DNA- and RNA-level resistome and 
microbiome of yellow perch across northeastern Minnesota lakes under 
different anthropogenic pressures. We observed that fish from lakes 
impacted by wastewater effluent had distinct resistome and microbiome 
profiles compared to those living in undeveloped lakes, characterized by 
lower richness in both the microbiome and resistome at both the DNA 
and RNA levels. MLS23S genes dominated the resistome at both the DNA 
and RNA levels, and colistin resistance mcr genes were detected both in 
the DNA and RNA datasets, with higher detection in samples from un-
developed lakes. Metagenomic reconstruction revealed a relatively large 
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number of un- or under-characterized bacterial genomes, highlighting 
the lack of representative genomes for many microbes found in wild fish 
samples. These findings emphasize the need for continued research to 
better understand the effects of human activity on antimicrobial resis-
tance in aquatic environments, with broader implications for environ-
mental and public health monitoring.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.onehlt.2024.100933.
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