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Abstract
Background  Post-weaning diarrhoea (PWD) remains a major cause of morbidity in pig production and is commonly 
associated with enterotoxigenic Escherichia coli (ETEC). Conventional diagnostics rely on culturing and targeted 
qPCR, which provide limited resolution of pathogen diversity, virulence and antimicrobial resistance. Here, we 
evaluated Oxford Nanopore Technologies (ONT) metagenomic sequencing as a diagnostic tool for direct detection of 
pathogens, virulence factors and antimicrobial resistance genes (ARGs) from diarrhoeal pig faeces.

Results  Twenty-six diarrhoeal and six healthy pig faecal samples were analysed using culture, qPCR and ONT 
metagenomics with both high-output and rapid workflows. Culturing recovered 26 haemolytic E. coli and nine 
Clostridium perfringens isolates. PromethION metagenomics detected a significantly higher diversity of bacterial 
species, virulence factors and ARGs compared with GridION. Direct read mapping achieved 71–96% genome 
coverage for six E. coli isolates. Fourteen high- and medium-quality E. coli metagenome-assembled genomes 
(MAGs) were reconstructed, of which seven clustered closely with corresponding cultured isolates. All virulence 
factors detected in isolates were captured by metagenomics, while metagenomics identified additional fimbrial and 
enterotoxin genes not recovered by culture. Metagenomic ARG profiling identified resistance to 16 antibiotic classes, 
compared to eight classes in cultured isolates. No ESBL, carbapenemase or mcr genes were detected.

Conclusions  Long-read ONT metagenomics enables culture-independent, strain-resolved characterisation of the 
pig gut microbiome during PWD, capturing pathogen diversity together with virulence and antimicrobial resistance 
profiles. This approach reveals within-sample strain heterogeneity and functional potential that are not resolved 
by conventional culturing, supporting its value for studying microbial ecology and dysbiosis in diseased animal 
microbiomes.
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Introduction
Diarrhoea diseases are a major cause of morbidity and 
mortality in pig production [1]. Diarrhoea in pigs can be 
caused by different enteropathogens (bacteria, viruses, 
parasites and microsporidia) [2]. Rapid and accurate 
detection of infectious agents is essential for managing 
diseases pigs, including post-weaning diarrhoea (PWD) 
[3].

PWD occurs a few days after weaning of piglets, with 
enterotoxigenic Escherichia coli (ETEC) as a common 
pathogen (pathovar) isolated from PWD in newly weaned 
pigs [4]. ETEC pathogenesis involves adhesion to specific 
receptors of the pig small intestinal epithelium using fim-
brial F4 (K88) or F18 adhesins, followed by colonization 
and enterotoxin production (heat-stable (STa, STb) and 
heat-labile (LT)), resulting in increased fluid and elec-
trolyte secretion into the intestinal lumen and reduced 
absorption [5]. Another agent that is commonly associ-
ated with diarrhoea in pigs is Clostridium perfringens 
type C, which causes a highly fatal, necrohemorrhagic 
enteritis primarily in 1–5 days old piglets [6]. C. perfrin-
gens pathogenesis involves rapid overgrowth in the pigs 
small intestine, inhibition of beta-toxin (CPB) degrada-
tion by trypsin inhibitors in the pigs colostrum and initial 
damage to the small intestinal epithelial barrier [7].

Current diagnostic practice to detect infectious agents 
causing diarrhoea diseases in pigs, in veterinary labora-
tories typically combines bacterial culturing and qPCR 
assays [2], which target known virulence genes such as 
E. coli fimbrial adhesins along culture-based methods to 
isolate and characterise the pathogens. These approaches 
are user-friendly and cost-effective, yet they are inher-
ently targeted and therefore may not capture the full 
spectrum of causative agents or provide genome-wide 
information on antimicrobial resistance genes (ARGs) 
and virulence factors (VFs) repertoires [8, 9].

Metagenomic sequencing offers a powerful, culture-
independent complement that is capable of profiling 
the entire microbial community in a single assay [10]. 
By capturing both pathogens and mutualistic microbes, 
metagenomics can simultaneously detect bacterial, viral 
and eukaryotic pathogens while also profiling the gene 
content; ARGs and VFs [11]. Long-read sequencing plat-
forms, such as Oxford Nanopore Technologies (ONT), 
further enable quicker than before, real-time sequencing 
data generation and strain-level resolution, making them 
quickly attractive for diagnostic applications [12]. How-
ever, the practical implementation of ONT in veterinary 
diagnostics requires balancing sequencing depth, turn-
around time, and cost against the resolution needed for 
actionable results.

ONT platforms can be used in different strategies 
depending on the diagnostic goals. PromethION devices 
with high-output flow cells support deep sequencing for 

comprehensive microbiome and pathogen characterisa-
tion. Whereas GridION devices allow multiplexing of 
many samples for faster and more affordable surveillance, 
albeit with lower sequencing depth [13].

The aim of this study is to evaluate whether various 
ONT sequencing can detect the causative agents of diar-
rhoea in animals (e.g., pigs in this study) directly from 
faecal samples, and how results compare with conven-
tional diagnostics. We combined culture-based isolation, 
qPCR and WGS (whole genome sequencing) of E. coli 
and C. perfringens with ONT metagenomic sequencing 
using both PromethION (research-based) and GridION 
(rapid diagnostic) workflows. We assessed the ability 
of each approach to detect bacterial pathogens, ARGs, 
virulence genes, and intestinal parasites, and critically 
compared their performance, resolution, taking into con-
sideration their turnaround time.

Materials and methods
Clinical sample collection and experimental set-up
Twenty six diarrhoeal pig faecal samples were obtained 
from Landbrugets Veterinære Konsulenttjeneste (LVK) 
clinics (Fig. 1), Denmark between January 29th and April 
3rd, 2024. All samples came from individual pigs exhib-
iting visible bloody diarrhoea. Pig ages ranged from 
3 weeks (newly weaned pigs) to 16 weeks old (slaughter-
ing pigs about 40–50 kg) pigs. Faecal samples were col-
lected aseptically in sterile tubes and stored at 4 °C for 
maximum one day until processing. For healthy micro-
biomes, six faecal samples from clinically healthy age-
matched pigs were included from a separate research 
project [14] (Table 1). All included diarrhoeal faecal 
samples were investigated using conventional diagnostics 
(culture-based and qPCR) and metagenomics diagnostics 
(Fig. 1).

Isolation of Escherichia coli and Clostridium perfringens and 
species identification
Serial 10-fold dilutions from 1 gr faeces were prepared 
in LB broth and inoculated on CHROMagar Orientation 
(Sigma Aldrich, Denmark) to isolate Escherichia coli and 
other Enterobacteriaceae, on MacConkey agar (Sigma 
Aldrich, Denmark) to confirm isolation of gram-negative 
enteric bacteria such as E. coli, and on blood agar plates 
(BAP, Thermo Scientific, Denmark) to isolate haemolytic 
E. coli. All plates were incubated for 24 h at 37 °C. To iso-
late Clostridium perfringens, samples were plated on BAP 
or Reinforced Clostridial AgarNutriSelect (Merck Life 
Science A/S, Denmark) and incubated in BD GasPack™ 
EZ jars under anaerobic conditions using AnaeroGen™ 
(Thermo Scientific, Denmark) for 48 h at 37 °C. BAP were 
examined for colonies with Clostridium-specific double 
zone haemolysis, or various types of colonies from the 
Reinforced Clostridial AgarNutriSelect plate. All positive 
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isolates on the selective media were selected for identi-
fication of presumptive E. coli and C. perfringens using 
MALDI-TOF MS (Bruker, Daltonik GmbH, Bremen, 
Germany) before performing genomic analyses.

Detection of E. coli with qPCR
qPCR for selected targets was performed as part of the 
routine diagnostic at the LVK laboratory. Detection of 
enterotoxigenic Escherichia coli (ETEC) was done by 
detecting fimbrial adhesin genes F4 (K88) and F18 endo-
toxin genes using quantitative PCR (qPCR) targeting the 
corresponding virulence genes [4]. DNA was extracted 
from faecal samples using QIAamp DNA Stool Mini Kit 
(Qiagen, GmbH, Germany) according to the manufac-
turer’s protocol. qPCR assays were performed using Taq-
Man qPCR targeting the fimbrial adhesin genes F4 (faeG) 
and F18 (fedA), following the assay described by Ståhl 
et al. [15] using the same volumes, primers and probes. 
Negative controls (no-template controls) and positive 
controls (DNA from reference ETEC F4 and F18 strains) 
were included in each run to ensure assay validity.

DNA extraction and Oxford Nanopore (ONT) sequencing
A- Single isolate whole genome sequencing (WGS)
From the bacterial cultures, 35 isolates were sequenced: 
26 hemolytic E. coli and 9 C. perfringens (Table 1). Total 
DNA was extracted using the Quick-DNA Fungal/Bac-
terial Miniprep Kit (Cat. No. D6005, Zymo Research) 

following the manufacturer’s recommendations. DNA 
concentration was measured using the Qubit 4 Fluorom-
eter (Cat. No. Q33238, Invitrogen), and DNA was stored 
at 4 °C until library preparation. From each sample, 1 µg 
DNA input was used for library preparation using the 
Native Barcoding Kit 96 V14 (SQK-NBD114.96). All sam-
ples were multiplexed and loaded on one FLO-PRO114M 
flowcell (R10.4 M chemistry) and sequenced on Oxford 
Nanopore (ONT) PromethION platform. Sequencing 
was performed for 72 h and reads were basecalled using 
GuppyBasecaller (v7.2.13) with super-accurate basecall-
ing option. Low-quality reads were filtered out using the 
default setting on MinKNOW with reads below a score 
of < 9 and read lengths < 200 bp to be omitted.

B- Metagenomic sequencing of faecal samples
To compare metagenomic sequencing with rapid diag-
nostic workflows, metagenomic DNA from the faecal 
samples (Table 1) was sequenced using two approaches:

Research-based approach

This approach aimed to maximize sequencing depth 
and genome recovery for comprehensive microbiome 
profiling. DNA extraction and ONT sequencing of all 
26 metagenomic samples were carried out as described 
in Ivanova et al. [13] using the Quick-DNA HMW Mag-
bead Kit (Cat. No. D6060, Zymo Research) and Ligation 

Fig. 1  Experimental study design of both the diarrhoeal and healthy pigs
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gDNA Native Barcoding Kit 24 V14 (SQK-NBD114.24, 
Oxford Nanopore Technologies, Oxford), respectively, 
except that the starting material for DNA extraction 
was increased to 200 mg faeces. DNA concentration was 
measured using the Qubit 4 Fluorometer and DNA was 
stored at 4 °C until library preparation. From each sam-
ple, 1 µg DNA input was used for library preparation, and 
four samples were multiplexed and loaded on one FLO-
PRO114M flowcell (R10.4 M chemistry), and sequenced 
on PromethION platform with settings described above 
for the single isolates.

To assess the effect of sequencing depth due to ONT 
sequencing platforms, four of the diarrhoeal samples 
were multiplexed and sequenced on one GridION flow-
cell (i.e., GridION 4-plex; to keep the same number of 
samples multiplexed per flowcell as in the PromethION 
sequencing) to evaluate how the reduced sequencing 
output would influence pathogen detection. The DNA 
extraction, library preparation and sequencing settings 
and bioinformatic workflows for GridION 4-plex were 
carried out identically as above for PromethION.

Table 1  Diarrhoeal pig samples included in this study and haemolytic E. coli and C. perfringens isolates recovered from them. qPCR Ct 
values for detection of E. coli F4 and F18, Brachyspira pilosicoli and Lawsonia intracellularis are included in the table
Sample ID Pig condition/re-

search project
Cultured isolates qPCR (Ct value) Age of pig*
Haemo-
lytic E. 
coli

C. perfringens E. 
coliF4

E. 
coliF18

B. pilosicoli L. intracellularis

LVK 8 Diarrhoeal/LVK - - - 29 23 22 slaughtering pig

LVK 11 Diarrhoeal/LVK x (l) x 21 21 - 32 weaner pig

LVK 17 Diarrhoeal/LVK x (l) - 24 28 23 24 weaner pig

LVK 18 Diarrhoeal/LVK - - 26 29 23 23 weaner pig

LVK 42 Diarrhoeal/LVK x (d) - 33 34 26 - slaughtering pig

LVK 43 Diarrhoeal/LVK x (l) x 19 17 - 25 weaner pig

LVK 48 Diarrhoeal/LVK x (d) ×(l) - 26 22 - - weaner pig

LVK 52 Diarrhoeal/LVK x (d) x - - - 27 slaughtering pig

LVK 56 Diarrhoeal/LVK x (d) - 15 18 - - weaner pig

LVK 60 Diarrhoeal/LVK x (d) ×(l) x 21 15 - - slaughtering pig

LVK 61 Diarrhoeal/LVK x (l) x 31 31 - - weaner pig

LVK 73 Diarrhoeal/LVK - - - 25 27 22 slaughtering pig

LVK 74 Diarrhoeal/LVK x (l) - 26 28 - - weaner pig

LVK 76 Diarrhoeal/LVK x (d) - - 22 - 21 slaughtering pig

LVK 79 Diarrhoeal/LVK x (d) - - - 27 24 slaughtering pig

LVK 80 Diarrhoeal/LVK x (d) ×(l) - 20 20 23 - weaner pig

LVK 82 Diarrhoeal/LVK x (d) - 20 15 26 24 weaner pig

LVK 83 Diarrhoeal/LVK x (d) ×(l) x 23 16 22 29 weaner pig

LVK 88 Diarrhoeal/LVK x (d) - - - 27 - slaughtering pig

LVK 94 Diarrhoeal/LVK x (l) x 21 20 - - weaner pig

LVK 97 Diarrhoeal/LVK x (l) x 20 17 - - weaner pig

LVK 98 Diarrhoeal/LVK x (l) - - 30 - 24 slaughtering pig

LVK 101 Diarrhoeal/LVK x (d) - 31 24 22 - weaner pig

LVK 102 Diarrhoeal/LVK x (l) x 27 - 27 - weaner pig

LVK 103 Diarrhoeal/LVK x (l) - - 31 25 - weaner pig

LVK 107 Diarrhoeal/LVK - - 30 - 29 28 slaughtering pig

Farm 1_6 Healthy/DANMAP NA NA NA NA NA NA slaughtering pig

Farm 1_11 Healthy/DANMAP NA NA NA NA NA NA slaughtering pig

Farm 2_2 Healthy/DANMAP NA NA NA NA NA NA weaner pig

Farm 2_10 Healthy/DANMAP NA NA NA NA NA NA weaner pig

Farm 3_12 Healthy/DANMAP NA NA NA NA NA NA slaughtering pig

Farm 3_21 Healthy/DANMAP NA NA NA NA NA NA slaughtering pig
(-) either bacteria were not isolated or Ct values were detected

NA: Not applicable

*Weaner pig: 3–6 weeks old, weight 7–20 kg; slaughtering pig: 10–14 weeks old, weight 30–50 kg

“l” - E. coli isolate recovered by LVK

“d” - E. coli isolate recovered by DTU

Ct value was considered positive when ≤ 35
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Rapid metagenomic approach
This approach was implemented to evaluate the feasibil-
ity of rapid, low-complexity ONT sequencing for detect-
ing key pathogens directly from diarrhoeal faeces. Here 
we employed a rapid DNA extraction and library prepa-
ration to detect the hemolytic E. coli and C. perfringens 
isolates recovered from the faecal diarrhoeal samples. A 
subset of 21 diarrhoeal samples (out of the 26 total sam-
ples) and two healthy pigs were sequenced using this pro-
cedure due to limited faecal leftover from the previous 
steps. Briefly, total DNA was extracted using Quick-DNA 
Fecal/Soil Microbe MiniPrep Kit (Cat. No. D6010, Zymo 
Research). DNA concentration was measured using the 
Qubit 4 Fluorometer and library preparation was car-
ried out by using the Rapid Barcoding Kit 24 V14 (SQK-
RBK114.24, Oxford Nanopore Technologies, Oxford) 
following the manufacturer’s recommendation. The 23 
samples were loaded on two FLO-MIN114 flowcells 
(R10.4 M chemistry) and sequenced on GridION plat-
form for 72 h with super-accurate basecalling. Reads were 
filtered out using the same settings as described for the 
PromethION research-based approach above.

Data analysis
Genomic annotation of the cultured E. coli and C. 
perfringens
Genomic classification of the bacterial species was per-
formed using KmerFinder [16]. The ONT sequence 
data were quality checked using NanoPlot v1.33.0 [17] 
and assembled using Flye v2.9 [18]. To compare the 
phylogenetic relationships within each of E. coli and C. 
perfringens isolates, SNP-based and core-genome max-
imum-likelihood (ML) trees were constructed. For the 
core-genome ML trees, the assembled genomes were 
annotated using Prokka v1.14.15 [19] and the resulting.
gff files were used as input for Roary v3.13.0 [20] to cre-
ate a core-genome alignment (a core gene is defined as 
such if it is found in 99% of the genomes). An SNP-based 
alignment was created by the CSI phylogeny v1.4 [21]. 
The.aln files for both SNP- and core genes-based phylog-
enies were used as input to IqTree v2.1.3 [22] to infer ML 
phylogenetic trees with the GTR+G substitution model 
and 1000 bootstrap replicates. For the CSI phylogeny, C. 
perfringens ATCC 13,124 (NC_008261.1) and E. coli K-12 
substr. GM4792 (CP011343.2) were used as reference 
genomes.

For virulence and ARG annotations of the single isolate 
bacterial genomes, KMA v1.4.12a was used to map the 
raw sequence reads (.fastq files) to VFDB (downloaded 
on Mar 14, 2025) and ResFinder and PointFinder v4.0 
(last updated 14 May 2024), and gene depth and cover-
age were calculated as described previously [13]. Plasmid 
gene content was searched using BLASTn in ABRicate 

v1.0.1 (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​t​s​e​e​​m​a​​n​n​/​a​b​r​i​c​a​t​e) and the 
PlasmidFinder db (last updated 05 July 2025) [23].

E. coli pathotypes, serotypes and sequence types (STs) 
were identified by ectyper v2.0.0 [24]. C. perfringens iso-
lates were typed following the scheme of Rood et al. [25] 
using a custom database in ABRicate (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​
m​/​​t​s​e​e​​m​a​​n​n​/​a​b​r​i​c​a​t​e). Phylogenetic trees of the E. coli 
and C. perfringens isolates and the comparison between 
the E. coli isolates and the E. coli metagenome-assembled 
genomes (MAGs) were visualised in Geneious Prime® 
2025.2.2. All graphs were generated using the following R 
packages: “pheatmap v1.0.13” [26], “ggplot2 v3.5.2” [27], 
“ggtree v3.12.0” [28].

Metagenomics analyses of the faecal samples
For both the rapid and research metagenomic workflows, 
high-quality reads were taxonomically and functionally 
classified following procedures adapted from Bogri et al. 
[29] and Ivanova et al. [13]. In brief, high quality ONT 
reads were mapped using KMA v1.4.12a to a custom 
reference genome database (last updated 22 May 2024) 
previously applied for taxonomic assignments [13, 30]. 
This database included closed bacterial genomes from 
NCBI GenBank, archaeal genomes, MetaHitAssembly 
(PRJEB674–PRJEB1046), HumanMicrobiome genome 
assemblies, and bacterial draft genomes. For antimi-
crobial resistance gene (ARG) identification, reads were 
aligned with KMA v1.4.12a against the ResFinder data-
base v4.0 (last updated 14 May 2024), containing curated 
sequences of acquired resistance genes [31, 32]. Unlike 
standard Illumina-based approaches where read counts 
are directly comparable due to uniform read length, e.g. 
[30], all abundance estimates from long-read data were 
calculated taking variable read length into account and 
similar to Ivanova et al. [13]. High-quality ONT reads 
were mapped at coverage thresholds of 0.5 similar to 
previous work [13]. This part of the analysis provides an 
overall characterisation of all the bacterial taxa and ARGs 
in the microbiomes.

Identifying the cultured bacteria in the metagenomic 
samples
In order to compare traditional culture methods to 
metagenomics, we aimed to detect our isolated E. coli 
and C. perfringens genomes in our metagenomes. The 
metagenomics were mapped to a database consist-
ing of only the 26 E. coli and 9 C. perfringens assem-
bled genomes from this study. This was to detect if the 
single isolates recovered by culture could be identified 
in the respective metagenomics samples. Addition-
ally, to further identify those targeted E. coli and C. per-
fringens in the metagenomes, metagenome-assembled 
genomes (MAGs) were assembled from the pig micro-
biomes sequenced using the research-based approach 

https://github.com/tseemann/abricate
https://github.com/tseemann/abricate
https://github.com/tseemann/abricate
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on PromethION only (as it has the high output required 
for MAGs assemblies). The MAGs were assembled using 
Flye version 2.9.3 (–meta –nano-hq) [18]. Afterward, we 
extracted all E. coli and C. perfringens MAGs from our 
metagenomics and compared them to the genomes of 
E. coli and C. perfringens from culturing to identify their 
relatedness. We compared the E. coli and C. perfringens 
MAGs and cultured genomes via average nucleotide 
identity based on BLASTn+ (ANIb) using pyANI-plus 
[33] and whole-genome alignment using D-GENIES, a 
standalone tool performing large genome alignments 
using minimap2 and providing similarity overview 
between compared genomes, highlighting repetitions, 
breaks and inversions [34].

Community analyses of the pig microbiomes
Ordination analyses of the microbiome similarities were 
conducted for bacterial taxa, ARGs and virulence genes. 
Ordination was calculated using Bray Curtis Dissimilarity 
and visualised with PCoA (Principal coordinate analysis). 
Community similarities were done on bacterial spe-
cies, genera and families, in addition to ARGs and viru-
lence genes at different coverage values. The normalised 
depth of bacteria, ARGs and virulence genes were CLR-
transformed. PCoA was performed and visualised using 
“vegan v2.8.0” [35], “ggplot2 v3.5.2” [27] and “dplyr 
v1.1.4” [36] packages in R (details in SI text). Comparison 
between the various communities (healthy vs. diarrhoeal) 
was also done using alpha diversity indices (details in SI 
text).

The comparison between the alpha diversity indices of 
the healthy vs. diarrhoeal pig microbiomes sequenced on 
PromethION, and the comparison between diarrhoeal 
pig microbiomes sequenced on GridION (rapid diagnos-
tics approach) vs. PromethION P2 Solo (research-based 
approach) were calculated using the “vegan” R package 
on the fragment count output from the KMA mapping, 
checked for normality using the Shapiro-Wilk test and 
the appropriate statistical test (t-test or Mann-Whitney 
non-parametric test) between the compared groups was 
applied. Box plots were generated using the “ggplot2” R 
package [27]. To compare microbial diversity between 
diarrhoeal and healthy pigs, alpha diversity indices 
(observed species, Chao1, ACE, Shannon, Simpson, and 
evenness) were calculated from the KMA mapping out-
put using the “vegan” R package [35]. Group differences 
were tested for statistical significance (p < 0.05) after 
assessing normality with the Shapiro–Wilk test, followed 
by t-test or Mann–Whitney U test as appropriate.

Differential abundance analysis of bacterial taxa and 
ARGs between diarrhoeal and healthy pigs was per-
formed using ALDEx2 [37]. Beta diversity was assessed 
using Bray–Curtis dissimilarity, and ordinations were 
visualised by PCoA. Coverage thresholds of 0.1, 0.5, and 

0.9 were tested, with 0.5 giving the highest discrimina-
tion between groups. Bacterial taxa, ARGs and virulence 
genes were included in the analyses, and ordination plots 
were generated using the “ggplot2” and “ggtree” R pack-
ages [27, 28].

Results
Culture-based isolation and qPCR diagnostics
A total of 26 faecal samples from pigs with visible bloody 
diarrhoea were analysed by culturing and qPCR for E. 
coli and C. perfringens (Table 1). Twenty-six hemolytic 
E. coli isolates were recovered from 22 microbiome sam-
ples, and nine C. perfringens isolates were obtained from 
nine samples. Both pathogens were isolated from nine 
faecal samples, while four samples yielded neither bacte-
rial species. Two E. coli isolates were recovered from four 
faecal samples (one at DTU and one at LVK) (Table 1). 
All isolates were confirmed by MALDI-TOF MS prior to 
whole-genome sequencing, confirming the 26 E. coli and 
nine C. perfringens genomes for downstream analyses 
(Table 1, Figure S1).

qPCR diagnostics at Landbrugets Veterinære Kon-
sulenttjeneste (LVK) identified E. coli F18 fimbrial genes 
in 18 and 21 faecal samples, respectively (Ct ≤ 35) and 
F18 fimbrial genes in 18 and 21 faecal samples, respec-
tively (Ct ≤ 35) Table 1). As part of LVK regular diagnos-
tics, Brachyspira pilosicoli and Lawsonia intracellularis 
were also investigated and detected in 14 and 13 samples, 
respectively.

Bacterial isolate characterisation
Genomic characteristics of the Escherichia coli and 
Clostridium perfringens
The quality of the E. coli and C. perfringens assemblies 
(number of contigs, contig length, coverage) are in Table 
S6. Flye generated assemblies with 25.9 contigs for the 
26 E. coli isolates (on average, SD = 13.1), and 26 contigs 
for the 9 C. perfringens isolates (average, SD = 30.5). The 
average E. coli genome size was 5.57 Mbp (SD = 253,737 
bp), and 3.46 Mbp (SD = 84,034 bp) for C. perfringens. 
The coverage was higher for the C. perfringens com-
pared to the E. coli (546× and 253× respectively) due to 
its smaller genome. Species assignments by KmerFinder 
confirmed all isolates as E. coli or C. perfringens (Table 
S2). More detailed genomic characterisation of the E. coli 
and C. perfringens isolates is presented in Table S3.

Phylogenetic relationship among the Escherichia 
coli and Clostridium perfringens isolates
To study the phylogenetic relationships among E. coli and 
C. perfringens isolates, maximum-likelihood (ML) trees 
were constructed based on core-genome alignments and 
single nucleotide polymorphisms (SNPs) (Figure S2 A). 
The tree topologies derived from core-genome and SNPs 
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were highly similar in E. coli, while for C. perfringens the 
SNP-based phylogeny was not consistent with MLST 
assignment and grouped the isolates with lower confi-
dence (bootstrap support values < 70).

Core-genome and SNP-based phylogenies revealed 
several well-supported E. coli clusters (bootstrap > 83). 
Isolates from different pig microbiomes occasionally 
showed close relatedness and shared same MLST (Figure 
S2A), e.g., DTU 52/DTU 56 (ST224, 462 SNPs) and LVK 
94/LVK 97 (ST100, 711 SNPs). Within-microbiome iso-
lates such as LVK 60/DTU 60 (ST641) and LVK 83/DTU 
83 (ST48) showed variable SNP differences (845 and 120, 
respectively), indicating different strain-level diversities 
from the same microbiome (Figure S2; Table S4).

C. perfringens isolates showed more phylogenetic 
divergence with weaker support (bootstrap < 70), reflect-
ing greater genomic variability (Figure S1; Table S4), e.g., 
CP 61 and CP 83 showed the highest divergence and were 
the most distant from the rest of the isolates. The major-
ity of the remaining isolates were more closely related 
(CP 94, CP 60, CP 43 and CP 11) and belonged to ST850. 
The remaining isolates were either of undetermined ST 
or more distant (Figure S1; Tables S3 and S4).

Escherichia coli pathotyping and virulence factors 
detection

Across all E. coli isolates, three pathotypes were 
detected and 466 virulence genes were identified (Fig-
ure S2B; Table S5), primarily associated with adhesion 
and secretion systems. Fourteen isolates were identified 
as ETEC, three as EPEC, three as STEC/EHEC, and the 
remaining were undetermined. Mixed pathotypes were 
also detected in the same sample (e.g., LVK 48), refer-
ring to pathovar differences in the same faeces. Pathot-
ype distribution did not follow phylogeny (SNPs) (Figure 
S2; Table S16), consistent with the plasmid-borne nature 
of the virulence determinants used to determine the 
pathovars.

Clostridium perfringens toxino-typing and virulence 
factors detection

C. perfringens virulence is associated with toxin pro-
duction (7), and all our nine C. perfringens were toxino-
type A carrying the cpa (or plc) alpha-toxin producing 
gene and no other toxin genes as described in the toxino-
typing scheme by Rood et al. (2018) (24) (Figure S2 and 
Table S5). Other diarrhoea-associated genes included 
cpb2 gene, encoding the C. perfringens beta 2 toxin 
(CPB2), found in one isolate (CP 11) and pfo gene encod-
ing Perfringolysin O or theta toxin (PFO) carried by all 
isolates. In addition, all strains harboured ccp (encodes 
possible clostridial myonecrosis-associated alpha-clos-
tripain toxin) and the two-component regulatory system 
of pfoA and cpa/plc, virS and virR. None of the C. perfrin-
gens strains harboured netB gene, implicated in necrotic 
enteritis, or cpe gene for C. perfringens enterotoxin 

production. However, one isolate (CP 12) carried the 
heat-stable enterotoxin 1-encoding east1 gene, com-
monly associated with ETEC.

Plasmid replicon genes screening
Between three and eight plasmid replicon genes were 
identified per E. coli isolate, with IncFIC(FII) and 
IncFIB(AP001918) being the most common, predomi-
nantly among ETEC. These plasmids carried key viru-
lence genes including eltAB, estIa (encoding enterotoxins 
in ETEC) and faeG, and fedA encoding F4 and F18 sub-
units (Tables S5 and S6).

Perfringens plasmid content was not further examined as 
all isolates were toxinotype a and C. perfringens plasmid 
replicons are not included in the plasmidfinder database.
Metagenomic data analysis
Sequencing output and microbiome community anal-
yses  PromethION ONT sequencing of 26 diarrhoeal and 
six healthy samples produced 68, 041 Gbp (mean 2, 126 
Gbp per sample, Q > 9), whereas GridION 4 -plex and 
23-plex runs yielded 414 and 415 Gbp in total (means 130 
and 18 Gbp, respectively) (Figure S3; Table S7). Prometh-
ION thus generated 20× and 200× higher output per sam-
ple compared to GridION (4- and 23-plex, respectively).

PromethION research-based sequencing revealed 
marked differences in microbial composition between 
diarrhoeal and healthy pigs (Fig. 2; Figure S4). Diar-
rhoeal samples showed significantly higher bacterial and 
ARG richness (Chao1, p < 0.05) (Figure S4; Table S8). 
Whereas evenness and diversity (Simpson) were higher 
in healthy pigs compared to diarrhoeal ones in bacterial 
taxa, and no apparent ARG diversity differences were 
observed between the two groups (Figure S4; Table S8), 
consistent with Rydal et al. [38]. Beta-diversity using the 
Bray-Curtis dissimilarity index clearly separated diar-
rhoeal and healthy microbiomes by bacterial composi-
tion, ARGs and virulence genes (Fig. 2). Virulence gene 
and ARG profiles showed, however, a more diluted clus-
tering between the two groups compared to the bacterial 
taxa (Fig. 2). Differential abundance analysis carried out 
with ALDEx2 v1.18.0 in R [37] identified several bacterial 
families that differentiated diarrhoeal from healthy pigs 
(Figure S6B; Table S9A).

Although similar microbiome shifts between diarrhoeal 
and healthy pigs have been reported previously (e.g., 
Rydal et al. [38]), our healthy samples originated from a 
separate study of same age pigs. Differences in diet, or 
management may therefore contribute to the observed 
variation, and these comparisons should be interpreted 
cautiously.
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Fig. 2  Principal coordinate analysis (PCoA) of CLR-transformed normalised depth values from diarrhoeal and healthy pig microbiomes sequenced on 
PromethION (research-based approach). (A) PCoA of the bacterial species, detected at a coverage threshold of 0.5. (PCoA of bacterial species detected 
at coverage thresholds of 0.1 and 0.9 and at family level at 0.5 coverage are shown in Figure S5); (B) virulence factors; (C) ARGs. Normalised depths for 
virulence factors and ARGs were calculated at coverage threshold of 0.9
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Detection of bacteria and intestinal parasites
PromethION research-based metagenomes consistently 
detected a significantly (p < 0.05) greater number of bac-
terial species and yielded higher sequencing depths com-
pared to both GridION approaches (rapid or research 
based) (Figure S6A; Table S9B; Table S10). Several Lac-
tobacillus species (including L. amylovorus, L. johnsonii, 
L. crispatus) and Limosilactobacillus reuteri, were among 
the top 50 most abundant bacterial species in the pigs 
microbiomes that were detected across all platforms and 
approaches. Clostridium sp. was also among the most 
abundant bacterial species, although identified by the 
PromethION research-based approach in the majority 
of the cases. GridION 4- and 23-plex also detected addi-
tional species, including L. johnsonii, Streptococcus alac-
tolyticus, L. crispatus, and Dorea longicatena (known pig 
microbiome healthy bacteria [39](39)), although at lower 
depths. Interestingly, several species detected at very low 
depth by PromethION, such as Kurthia huakuii, Phocea 
massiliensis, and Vagococcus fluvialis, were also captured 
by GridION 4- or 23-plex (both approaches) (Figure 
S6A).

The deep PromethION research-based sequencing 
allowed us to identify bacterial families that separate 
diarrheal from healthy pig microbiomes (Figure S6B). 
Carnobacteriaceae and Corynebacteriaceae detected in 
the diarrheal pig microbiomes are likely the key drivers 
that separate healthy from diarrheal groups. Carnobacte-
riaceae are lactic acid bacteria present in the porcine gut 
and responsive to diet transitions around weaning, con-
sistent with well-described weaning-associated microbi-
ome shifts [40–43], whereas Corynebacteriaceae include 
opportunistic pathogens of livestock, such as C. pseudo-
tuberculosis and the C. renale group, reported in small 

ruminants and sometimes associated with gastrointesti-
nal signs [44].

To assess the presence of clinically relevant taxa, the 
metagenomic reads of the diarrhoeal pig samples were 
additionally screened against a panel of pathogenic bac-
teria defined previously [13] and updated in this study. E. 
coli was the dominant taxon, consistently detected across 
nearly all samples and two approaches when present in 
high depth (Fig. 3; Table S11). Other bacterial patho-
gens, identified by the researched-based PromethION 
approach, including Staphylococcus aureus, Klebsiella 
oxytoca, Klebsiella pneumonia, Enterococcus faecium, 
Listeria monocytogenes and Acinetobacter baumannii, 
were also identified by all sequencing approaches but 
generally at very low abundances. Overall, the Prome-
thION research-based approach detected a wide range 
of pathogenic taxa, while the GridION 4- and 23-plex 
identified only a few of these species (Fig. 3). Regarding 
intestinal parasites, B. pilosicoli and L. intracellularis, 
amongst other major contributors to PWD, were iden-
tified by qPCR in 14 and 13 samples, respectively, with 
threshold of Ct ≤ 35 (Table 1). PromethION research-
based approach confirmed L. intracellularis in eight of 
these and detected Brachyspira spp. in 15 samples (Figure 
S7). Additionally, Enterocytozoon bieneusi was the only 
parasite previously associated with intestinal dysbiosis in 
pigs that was consistently detected across all diarrhoeal 
and healthy pigs, primarily by PromethION (Table S12). 
Since parasites affecting pigs have larger genomes than 
prokaryotes (e.g., Blastocystis: 12 Mbp), the raw data 
were also screened at lower genome coverage (i.e., 0.1), 
which resulted in detection of Blastocystis spp. in four of 
the diarrhoeal samples by PromethION and Cryptospo-
ridium spp. across all diarrhoeal samples and approaches 

Fig. 3  Pathogenic bacterial species detected by the research-based approach (PromethION) and the rapid surveillance approach (GridION 4-plex and 
GridION 23-plex), presented as decreasing log10 of the depth (in blue are the most abundant and in red - least abundant species). Empty cells indicate 
that no bacterial pathogens were detected at the applied coverage of 0.5
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(diarrhoeal and healthy) albeit with very low depth (Table 
S12).

Detection of the diarrhoea-causing E. coli in the 
metagenomic samples
High-quality reads from each metagenomic dataset were 
mapped to a database of the assembled genomes from 
the 26 E. coli isolates recovered by culturing, allowing to 
assess whether the cultured isolates could be detected 
in the corresponding faecal metagenomes. Strong align-
ment (71% − 96% coverage) between the E. coli genomes 
and the respective metagenomic sample was observed in 
five cases (e.g., MtG 11 to LVK 11; MtG 43 to LVK 43; 
MtG 48 to LVK 48; MtG 60 to LVK 60 and LVK 60; MtG 
83 to LVK 83) (Fig. 4). In other cases (e.g., MtG LVK 
48, MtG LVK 60, MtG LVK 83), the metagenomic reads 
aligned to multiple E. coli genomes at coverage ≥ 50%, 
with several E. coli isolates dominating the metagenome 
(Fig. 4). This indicates that the approach is hindered 
by the presence of closely related E. coli isolates in the 
metagenomes (e.g., MtG LVK 82 and MtG LVK 83, Fig-
ure S1), and the limits of discriminating bacteria at strain 
level using direct read mapping.

Detection of virulence factors in E. coli isolates and 
the metagenomes
ETEC is the E. coli pathovar that has been mostly associ-
ated with PWD [38]. Fourteen of the 26 E. coli isolates 
were assigned to ETEC (Figure S2A). Unique character-
istic of this pathotype is carriage of genes encoding F4 
or F18 fimbriae and/or two types of enterotoxins, heat-
stable (STa and STb) and/or heat-liable (LT), located on 
plasmids with replicon types IncFIC and/or IncFIB [4].

Three ETEC isolates carried est and elt genes for both 
enterotoxins (LT and ST), 10 harboured either LT or STa, 
and none of them were detected in one ETEC isolate (Fig. 
5A).

Regarding fimbriae genes, seven ETEC carried genes 
for F4 fimbriae, six for F18 and one isolate had no fim-
briae genes (LVK 83). Overall, 12 ETEC carried genes 
for at least one enterotoxin and one fimbriae, while the 
rest of the ETEC isolates carried either enterotoxin or 
fimbriae genes. All ETEC isolates carried genes for pro-
duction of either fimbriae or enterotoxins (Fig. 5A). F4 
fimbriae, typically associated with ETEC in post-weaning 
pigs, was detected only in ETEC isolates in this study, a 
variant of F18 (F18ab, which differs from the one found 
in ETEC - F18ac) found in STEC causing edema disease 
[45] was also detected in three STEC isolates and in four 
E. coli isolates with undetermined pathotype (Fig. 5A).

Fig. 4  Heatmap with values representing percentage alignment (coverage) of the MtG samples to a database consisting of the genomes of all 26 E. coli 
cultured isolates, recovered from the MtG samples. The alignment was obtained by mapping (using KMA) the MtG raw data (.Fastq) to the E. coli database. 
Alignments of ≥10% are shown on the heatmap. The four MtGs with no cultured E. coli are shown separately on the left side. MtG samples with strong 
alignment to an E. coli isolate recovered from the same sample (71% − 96%) are indicated with an asterisk on the heatmap
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Asterisks denote the major sub-units genes of F4 (faeG) 
and F18 (fedA) fimbriae.

Metagenomics sequencing by the research-based Pro-
methION approach detected all virulence factors related 
to enterotoxin production, F4 and F18 fimbriae that were 
found in the E. coli isolates, with only few inconsistencies 

(Fig. 5B). Additionally, metagenomics identified more 
enterotoxin and fimbriae genes in the faecal samples (Fig. 
5), suggesting presence of uncultured ETEC isolates or 
other E. coli pathovars carrying variants of these viru-
lence factors.

Fig. 5  Genes encoding fimbrial adhesins (F4: green labels and F18: violet labels) and enterotoxins (blue labels) in E. coli detected at a gene coverage ≥ 0.9 
in (A) E. coli single isolates and (B) metagenomic samples. The tree is a SNP-based phylogeny. est(A) gene encoding for heat-stable toxin (STa) and eltAB 
encoding for heat-labile (LT) toxin; F4 (K88) fimbriae: F4 major sub-unit gene faeG and genes for F4 minor sub-units (faeC, faeF, faeH, faeI, faeJ); F18 (F107) 
fimbriae: F18 major sub-unit gene fedA and genes for F18 minor sub-units (fedE and fedF). ETEC: enterotoxigenic E. coli, EPEC: enteropathogenic E. coli, 
STEC/EHEC: shiga toxin-producing E. coli/Enterohemorrhagic E. coli, ND: not determined. E. coli F4 and F18 genes detection by qPCR is based on a value 
of ct < 35
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PromethION m etagenomics and qPCR comparison 
also showed overall concordance with only several incon-
sistencies (Fig. 5B). While 18 samples were F4-positive by 
qPCR, nine of these were F4 negative by metagenomics, 
however, in two of them other F4 sub-unit genes (faeF, 
faeH, faeI) were detected (Fig. 5B). 21 samples were 
F18-positive by qPCR compared to 15 by metagenom-
ics, and one with other F18 sub-unit genes (fedE, fedF). 
Most discordances were cases where qPCR was positive 
but metagenomics negative, however, one metagenomic 
sample (LVK 52) was F18-positive with metagenomics 
yet negative using qPCR (Fig. 5B).

Detection of antimicrobial resistance genes in the 
E. coli isolates and in the metagenomes
The cultured E. coli WGS harboured genes for resistance 
to eight antibiotic classes, while in the PromethION 
metagenomic samples resistance to 15 antibiotic classes 
was observed (Figures S8A and S8B). All ARGs identi-
fied in the E. coli isolates were also detected in the cor-
responding metagenomes (Table S13). A variety of ARG 
profiles were identified in the E. coli isolates with greatest 
diversity of genes conferring resistance to aminoglyco-
sides (16 different aminoglycoside resistance genes), fol-
lowed by macrolide lincosamide streptogramin B (MLS) 
antibiotics (Figure S8A). All ETEC isolates but three (two 
EPEC and one of undetermined pathotype) were multi-
drug resistant (MDR), carrying genes for resistance to 
aminoglycosides, beta-lactams, macrolides, tetracyclines, 
sulfonamides, trimethoprim and quinolones. An STEC 
isolate (LVK 48) harboured resistance genes to seven of 
the eight antibiotic classes detected among the isolates 
(Figure S8A).

Some ETEC isolates within a phylogenetic cluster 
exhibited nearly identical ARG repertoires (e.g., DTU 82/
LVK 83/DTU 83; DTU 56/DTU 52 and DTU 60/LVK 60), 
while other phylogenetically close ETEC isolates carried 
markedly different ARG profiles (e.g., DTU 80/DTU 48; 
LVK 97/LVK 94 (Figure S8C) attributable to the varying 
plasmid content (Figure S8D). Amongst the correspond-
ing metagenomes, the highest diversity of ARGs was 
observed among the MLS antibiotics, followed by amino-
glycosides and beta-lactam antibiotics (Figure S8B). This 
pattern reflects antimicrobial use in Danish pig produc-
tion, where macrolides are commonly applied for Law-
sonia infections in slaughter pigs, while aminoglycosides 
are widely used to treat E. coli-associated PWD in wean-
ers. Importantly, no ESBL, carbapenemase, or mcr genes 
were detected neither in the single isolates nor in the 
metagenomic samples. PointFinder also could not detect 
any known mutations in the gyrA or parC genes linked to 
fluoroquinolone resistance.

Since beta-lactam resistance genes are one of the most 
abundant ARGs, especially in Gram-negative bacteria 

and often occur with other ARGs on mobile genetic ele-
ments [46](47), we examined their occurrence and detec-
tion in both single isolates and diarrheal samples across 
sequencing platforms and approaches (Figures S8 and 
S9). While blaTEM-1B was the only beta-lactam gene 
detected in the E. coli isolates (Figure S8C), 12 bla gene 
families were identified in the metagenomic samples, 
blaTEM was the most abundant bla gene among them, 
however, cfxA, due to its association with Bacteroides, 
was the most abundant beta-lactam gene followed by 
blaOXA, blaCARB, blaACI and blaEBR gene families 
(Figure S9A), often co-occurring with other ARGs on 
mobile genetic elements in bacterial pathogens such as 
Pseudomonas, Proteus spp. and Acinetobacter spp. (some 
of which were among the detected pathogens in the 
metagenomic samples (Fig. 3)).

When comparing the detection of beta-lactam resis-
tance genes across sequencing approaches, in 50% of the 
metagenomic samples none of the bla gene families were 
detected by the GridION 23-plex rapid approach com-
pared to the PromethION approach (Figure S9A). How-
ever, when ARGs were merged into antibiotic groups to 
which they confer phenotypic resistance (in accordance 
with the ResFinder database), the three most abundant 
antibiotic classes (tetracyclines, aminoglycosides and 
MLS) were also detected by the GridION 4-plex and 
23-plex approached, although at lower depths (Figure 
S9B). Lastly, the aminoglycoside antibiotics were the 
most abundant class found in nearly all E. coli isolates 
(Figure S9C), likely explained by the use of aminoglyco-
side antibiotics (neomycin and apramycin) for treatment 
of PWD in Danish pig farming.

Comparison between E. coli MAGs and single 
isolates
High-quality (HQ; >90% completeness, <5% contamina-
tion) and medium-quality (MQ; 50–90% completeness, 
<10% contamination) E. coli MAGs were assembled 
from 14 metagenomic samples (Table S14). Eight MAGs 
had > 90% completeness and genome sizes of 4.6–5 Mbp 
(Table S14). E. coli could not be cultured from faecal 
sample LVK 18, but an E. coli MAG from LVK 18 was 
reconstructed. MLST assignment was only possible for 
MAG LVK 74 (ST10, 99.96% completeness) and MAG 
LVK 83 (ST48, 100% completeness) as MAGs often suf-
fer of low completeness. In both cases, the E. coli single 
isolates and the reconstructed MAGs had the same ST, 
indicating that the MAGs and the isolates could be the 
same strain.

Coli genome comparisons using phylogeny and average 
nucleotide identity (ANIb)
To examine how the constructed E. coli MAGs compared 
with the cultured E. coli WGS from the corresponding 
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microbiome, SNP and core-genome phylogenetic infer-
ences were constructed. Both SNP and core-genome phy-
logenies had the same topologies and similarly clustered 
the E. coli MAGs and single isolates. Six cultured E. coli 
isolates closely clustered with the reconstructed MAGs 
from the same samples (Fig. 6A). Among those, MAG 
LVK 48/SI LVK 48 and MAG LVK 43/SI LVK 43 had 3557 
and 6719 SNP differences, respectively (Fig. 6A; Table 
S15), and MAG LVK 74/SI LVK 74 had only 1041 SNPs 
difference (Fig. 6A; Table S15). Others paired MAGs and 
WGS isolates had lower MAG/genome coverage (58 and 
64% between MAG LVK 82 and SI DTU 82 and MAG 
LVK 88 and SI DTU 88, respectively (Figure S10B)), yet 
remained closely related in the SNP matrix (Figure S10A; 
Tables S14 and S15).

Other paired MAGs and WGS E. coli that showed 
weaker correspondence, e.g., MAG LVK 42 and MAG 
LVK 98 were of low quality (61 and 55% completeness, 
respectively). Other E. coli MAG – isolate pairs showed 
weaker or more complex correspondence. MAG LVK 
43 and MAG LVK 48 were clearly closest to their cul-
tured isolates, yet differed by 6719 and 3557 SNPs (Fig-
ure S10A; Table S14; Table S15), respectively, compared 
to their WGS isolates (SI LVK 43 and SI LVK 48). MAG 
LVK 82 was only 58% complete and differed from isolate 
DTU 82 by 4419 SNPs, but was almost equally close to 
DTU 83 and LVK 83, which differed by just 120 SNPs 
among one another, suggesting that multiple closely 
related E. coli lineages co-occurred in these microbi-
omes. In contrast, MAG LVK 83 was 90% complete and 
closely matched both isolates from the same faecal sam-
ple (278 and 503 SNPs), confirming successful recovery 
of that lineage. MAG LVK 88 also showed partial over-
lap with SI DTU 88 (6,203 SNPs at 64% coverage), while 
MAG LVK 74, in addition to clustering with SI LVK, also 
grouped with isolates from LVK 17, DTU 42, and LVK 
102 (1,600–2,000 SNPs; Fig. 6A; Figure S10A), indicating 
the presence of related strains across different pigs.

The results of the SNP-based phylogeny were fur-
ther supported by ANIb analysis. Hadamard values 
(ANIb × coverage) (Figure S10B) were highest for the 
same MAGs – E. coli genomes MAG LVK 48 to SI LVK 
48 (0.82), MAG LVK 43 to SI LVK 43 (0.74), MAG LVK 
74 to SI LVK 74 (0.84), and MAG LVK 83 to SI DTU 83A 
(0.90). MAG LVK 82 and MAG LVK 88 showed interme-
diate values (0.59–0.62) due to their lower completeness.

Dot plot alignments were also constructed to compare 
the synteny between the common regions of the cul-
tured E. coli isolates and the reconstructed MAGs for the 
closely-related pairs in the SNP-based phylogeny (Fig. 
6A) with overlapping genomic regions ranging 55–90% 
(Fig. 6B; Figure S11). While some of them showed strong 
collinearity with large genomic overlaps and only a few 
gaps or duplications (e.g., MAG LVK 43 and SI LVK 43, 

75% and MAG LVK 74 and SI LVK 74, 82%) (Fig. 6B), 
other pairs exhibited larger gaps (possibly due to incom-
plete MAG), inversions or low genomic overlaps (Figure 
S11), which could be attributed to incomplete or misas-
sembled MAGs or strain-level variations.

Sub-typing of the E. coli MAGs
Pathotyping was generally not possible for the E. coli 
MAGs, except for MAG LVK 42 and MAG LVK 48 
(Table S16), as the majority of the genes that determine 
the E. coli pathotypes are located on plasmids (e.g., hlyA, 
sta1, stb, eltAB), which is consistent with the absence 
of plasmid replicon genes and plasmid-borne virulence 
genes in the MAGs. The only virulence gene that was 
consistently found in the MAGs was hlyA, and because 
hlyA is not exclusive to pathogenic E. coli, its presence 
is not indicative for a disease-associated E. coli. As E. 
coli share large parts of their genomes, the constructed 
MAGs could also belong to commensal E. coli strains. 
Interestingly, SI DTU 42C (STEC) carried stx and fim-
brial genes, whereas its corresponding MAG (MAG LVK 
42) was typed as EPEC based on the eae gene, suggesting 
that two distinct E. coli lineages could have been recov-
ered in that sample, by metagenomics and culturing. 
Similarly, MAG LVK 48 (STEC) formed a phylogenetic 
cluster with SI LVK 48 (STEC), but away from SI DTU 48 
(ETEC), indicating successful construction of the STEC 
but not the ETEC strain (Fig. 6; Table S16). Similarly, due 
to the incomplete MAGs only two could be sub-typed by 
the Achtman 7-gene MLST E. coli scheme (LVK 74, ST10 
and LVK 83, ST48), both of which matched their cul-
tured isolates. Screening of MAGs against VFDB failed 
to identify any of the fimbrial (F4, F18) or enterotoxin 
(estA, eltAB) genes that were present in the correspond-
ing isolates (Fig. 5; Table S18), consistent with their plas-
mid location. Likewise, no plasmid replicon genes were 
recovered from MAGs, in contrast to the isolates where 
multiple replicons from various incompatibility groups 
were frequently detected (e.g., IncF, IncX, IncY) (Table 
S6). ARGs were detected in two MAGs only (MAG LVK 
56 and MAG LVK 97), however their profiles differed 
from the corresponding WGS: MAG LVK 56 carried 
erm(B) and ant(3’’)-Ia, which were absent from SI DTU 
56, while SI LVK 97 carried dfrA and sul1 but MAG LVK 
97 harboured mef(C)-mph(G) and sul2, both located on 
the same contig (Table S20).

Comparison between the research-based and the 
rapid surveillance metagenomic approaches
To evaluate whether a rapid metagenomic workflow can 
approximate results from a high-yield research setup, we 
compared a GridION-based rapid protocol (rapid DNA 
extraction of ~ 2 h, rapid library prep, and multiplex-
ing of 23 samples per flow cell) with a research-based 
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Fig. 6  (A) SNP-based phylogeny of E. coli single isolates and E. coli MAGs. Bootstrap support values are shown on the tree. Scale bar represents 0.1 sub-
stitutions per site. The tree was visualised in geneious Prime® 2025.2.2. (B) dot plots representing gene synteny between two of the E. coli/MAG pairs, 
showing strong collinearity over large genomic regions (SI LVK 43/MAG LVK 43 and SI LVK 74/MAG LVK 74), x-axis: E. coli SI contigs as reference, y-axis: E. coli 
MAG contigs as query. A diagonal straight line indicates synteny among the genomes, inverted horizontal lines indicate sequences that exist in both the 
SI and MAG but not in the same order, gaps indicate sequence that exists in one sample only and repeats - a sequence that is repeated more than once 
in a sample. Comparison of the SI LVK 43/MAG LVK 43 was done over 75% (with >75% nucleotide identity) and SI LVK 74/MAG LVK 74) over 82% genome 
alignment. The remaining E. coli/MAG pairs are shown in Figure S11. MAG: metagenome-assembled genome, SI: single isolate
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PromethION high-yield and GridION 4-plex sequencing. 
At bacterial species level, PCA based on Bray–Curtis dis-
similarity (beta-diversity) clearly separated PromethION 
from both GridION approaches, i.e., PromethION sam-
ples clustered distinctly apart from both GridION runs, 
whereas GridION 4-plex and GridION 23-plex over-
lapped tightly (Figure S12A). At higher taxonomic level 
(bacterial family), GridION 4-plex dataset overlapped 
with both PromethION and GridION 23-plex datasets, 
while PromethION and GridION 23-plex approaches 
remained separated (Figure S12A). Similarly, for ARG 
profiles, PromethION and GridION 23-plex formed 
a separate cluster, and GridION 4-plex showed par-
tial overlap to both PromethION and GridION 23-plex 
datasets (Figure S12B). These findings suggest that while 
GridION sequencing (both sequencing approaches) con-
sistently captures the dominant bacterial and ARG pro-
files, it does not resolve the same community structure as 
the deeper PromethION sequencing and that GridION 
4-plex dataset genomic and ARGs showed more simi-
larity to the deeper PromethION sequencing due to the 
increased sequencing depth and similar methodology 
compared to GridION 23-plex rapid approach.

Output in numbers and operational time
In PromethION and GridION 4-plex workflows 
(research-based) for detailed bacterial characterisation, 
virulence and ARGs detection, high molecular weight 
DNA extraction (~2.5 h), barcoded ligation library prepa-
ration (~2.5 h) and ~4 h of compute time for QC, map-
ping, collectively ~10 h, plus 72 h sequencing.

In contrast, the rapid surveillance GridION 23-plex 
workflow used shorter DNA extraction (~60 min) and 
rapid barcoding prep (~50 min) and ~1 h compute time, 
collectively ~3–4 h, plus 72 h sequencing (72 h is optional 
can be reduced to 24 h if needed).

For culturing and bacterial identification, ~ 28 h
For qPCR for and targeted marker genes ~8 h.
Keeping in mind the overall diagnostic yield, ONT 

sequencing (both GridION and PromethION) detected 
1891 of bacterial species, up to 257 and 15 AMR genes 
and classes respectively, and broad virulence gene rep-
ertoires from a single assay, while allowing multiplex-
ing of 4–24 samples per flowcell depending on platform 
and depth requirements. In contrast, the qPCR used in 
this study targets only two virulence genes (F4 and F18 
fimbrial adhesins) and does not provide taxonomic reso-
lution, strain-level information, AMR profiles, or addi-
tional virulence factors.

Discussion
Here we demonstrate that Oxford Nanopore Technolo-
gies (ONT) metagenomic sequencing can identify the 
potential causative agents of post-weaning diarrhoea 
(PWD) in pigs directly from faecal samples, matching 
and extending conventional diagnostic methods. Both 
research-based (PromethION GridION 4-plex) and rapid 
(GridION 23-plex) workflows successfully detected key 
pathogens such as haemolytic Escherichia coli and Clos-
tridium perfringens, as well as associated antimicrobial 
resistance genes (ARGs) and virulence factors (VFs). We 
also highlight the feasibility of integrating ONT sequenc-
ing into routine veterinary diagnostics, while revealing 

Fig. 6  (continued)
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important trade-offs between sequencing depth, turn-
around time and analytical resolution.

Diagnostic performance of ONT compared to 
conventional methods
The concordance between ONT metagenomics, qPCR, 
and culture-based results supports its diagnostic poten-
tial. E. coli fimbrial adhesins (F4 and F18) and entero-
toxin genes were consistently detected across methods, 
confirming that ONT sequencing can recover clinically 
relevant virulence markers directly from faeces. The few 
discrepancies, where qPCR detected F4/F18 but metage-
nomics did not, likely reflect limitations in DNA extrac-
tion, uneven sequencing depth or lower abundance of 
target genes within complex microbiomes. This mirrors 
findings from human and veterinary metagenomic stud-
ies showing that pathogens below ~1% relative abun-
dance may evade detection at moderate sequencing 
depths [12, 47]. It is also documented that qPCR has 
a higher sensitivity at detecting targeted genes (in this 
case faeG and fedA, for F4 and F18 fimbriae, respec-
tively) compared to metagenomics, while metagenom-
ics captures a larger pool of pathogen-related genes 
[8, 45]. Metagenomics, however, identified additional 
virulence factors and ARGs not captured by targeted 
assays, indicating higher genomic resolution and abil-
ity to detect emerging pathotypes or co-infections. The 
detection of the intestinal eukaryotes Blastocystis spp. 
and Enterocytozoon bieneusi by ONT suggests that long-
read sequencing can broaden pathogen detection beyond 
bacterial agents in a single step. However, low abundance 
and incomplete reference databases still limit sensitivity 
for such eukaryotic pathogens.

Comparative performance of MAGs and cultured 
isolates
Comparison between metagenome-assembled genomes 
(MAGs) and cultured E. coli genomes showed the 
genomic resolution achieved by ONT metagenomics. 
Fourteen high- and medium-quality E. coli MAGs (≥50% 
completeness, <10% contamination) were reconstructed 
from diarrhoeal samples, consistent with previous studies 
using alternative assembly and binning methods [46–49], 
and in seven of the cases clustered closely with their cor-
responding E. coli isolates in the SNP-based phylogeny, 
sharing high coverage (up to 90%) and strong genomic 
collinearity. This demonstrates that, when sequencing 
depth is sufficient as in PromethION, ONT reads can 
recover individual pathogen genomes directly from com-
plex faecal communities without prior culturing. The 
reconstruction of an E. coli MAG from a culture-negative 
sample further supports that metagenomics can capture 
non-culturable or low-abundance lineages.

In contrast, the substantial SNP variation between 
closely-related WGS isolates and MAGs, incomplete 
MAGs, and presence of multiple E. coli lineages within 
a sample often hindered sub-typing (MLST, serotyping, 
pathotyping) and accurate detection of mobile genetic 
elements, ARGs and VFs. These challenges are consistent 
with previous studies, showing that MAGs reconstructed 
from rich and diverse bacterial communities using short- 
or long-read metagenomics data can lack up to 25% of 
core and 50% of accessory genes compared to reference 
isolates [46, 47, 49, 50]. Such losses primarily affect the 
detection of plasmid-encoded ARGs and virulence fac-
tors, as those tend to be located on short contigs with 
atypical tetranucleotide frequency (TNF) and genomes 
with unusual TNF profiles may be fragmented or under-
represented and missed by binners [48, 51].

Differentiating between closely-related E. coli lineages 
in the same sample is also particularly challenging. For 
instance, for metagenomic short-read data, closely-
related genomes represent genome-sized approximate 
repeats that lead to mis-assemblies [46]. This prevents 
distinguishing between pathogenic strains, and between 
pathogenic strains and healthy commensal gut strains 
[47, 52]. In our study, using long-read sequencing data, 
the MAG and the cultured isolate in sample LVK 42 
belonged to two different pathotypes (EPEC and STEC), 
which strengthen the idea of co-existence of multiple 
E. coli pathotypes within an individual pig microbiome, 
which could be identified by the reconstructed MAGs 
from long-read sequencing data.

Overall, our findings indicate that although sufficient 
sequencing depth and assembly quality can produce E. 
coli MAGs highly similar to cultured isolates, several 
limitations persist: (1) inability to re-construct complete 
genomes and associate plasmids with their hosts, which 
is critical since many clinically relevant virulence and 
resistance genes are plasmid-encoded, and (2) the pres-
ence of highly similar E. coli lineages in the pigs micro-
biomes, including substantial genomic overlap between 
commensal and pathogenic strains. The latter remains 
a confounding factor that requires optimisation and 
benchmarking of MAG construction pipelines. Further-
more, our study was not exhaustive in the comparison 
between MAGs and isolates, as only one E. coli isolate 
per sample was sequenced except for four of the samples, 
and one MAG per sample was re-constructed. Thus, 
our whole-genome comparison of the E. coli MAGs and 
cultured isolates highlights both the potential and cur-
rent limitations of metagenomic assemblies for pathogen 
detection and characterisation.

Detection limits for Clostridium perfringens
Clostridium MAGs were reconstructed from 18 sam-
ples. However, t he MAGs were annotated at genus 
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level, i.e., Clostridium spp. (Clostridium sp000435835, 
GCA_000435835.1), and showed only 68–78% ANIb 
similarity to the C. perfringens cultured isolates, consis-
tent with other studies also reporting Clostridium MAGs 
at genus level [53]. Additionally, a phylogeny based on 
the core-genome between the Clostridium spp. MAGs 
and the C. perfringens isolates could not be inferred, con-
firming they are genomically highly diverse. The direct 
mapping of the MtG samples to the C. perfringens iso-
late genomes shows low coverage (<18%) and for some 
isolates (CP_11D and CP_94C) hits from multiple MtG 
samples. This could be explained by several factors. C. 
perfringens may have been present at low relative abun-
dance, reducing sequencing depth and assembly cov-
erage. Additionally, C. perfringens genome is highly 
repetitive with low G+C content (28.6%) [54], plasmid-
rich (isolates from these species carry up to 10 plasmids 
[55] with diverse prophage-like regions [56]), all of which 
complicating assembly and binning.

Moreover, among the detected bacterial species in all 
26 diarrhoeal samples, 46 belonged to Clostridium spp., 
some of which are reported as commensal regulating pig 
gut health (e.g., Clostridium porci [39](39); Clostridium 
sensu stricto 1 [57], and could potentially outcompete C. 
perfringens in the metagenomic reconstructions. As Clos-
tridium genus is polyphyletic, ANIb values between spe-
cies can be as low as 70%, while others are closely related 
and share high ANIb values (90–95%) [58]. Functionally, 
this means that metagenomics alone would have not 
detected C. perfringens in these diarrhoeal samples even 
if present, whereas culture provided direct evidence of its 
presence.

The contrast between E. coli and Clostridium results 
in reconstructing MAGs highlights that metagenomic 
approaches, while comprehensive, may fail to capture 
clinically important low-abundant or assembly-challeng-
ing taxa. For such pathogens, culture remains essential 
for accurate detection and characterisation, underscoring 
the value of combined diagnostic workflows.

Direct mapping of the metagenomic reads to E. coli 
genomes
The direct mapping of metagenomic reads to isolate 
genomes (without MAG construction) confirmed that 
cultured haemolytic E. coli strains were also captured in 
their corresponding metagenomes, and were the most 
abundant ones in roughly one-third of cases, validat-
ing the ability of ONT sequencing to detect cultured 
pathogens. However, metagenomes frequently aligned 
across multiple isolates, demonstrating co-existence of 
highly similar E. coli lineages in different pigs and co-
occurrence of multiple E. coli strains (and pathovars) 
within the same animal (e.g., LVK 48 is an STEC, while 
DTU 48 is an ETEC; and the two LVK 80 isolates were 

phylogenetically distant ETEC strains). Another possibil-
ity for metagenomes alignments to multiple isolates is the 
extensive core-genome conservation between commen-
sal and pathogenic E. coli genomes (~2,200 shared genes) 
[59], which suggests that alignment of 40–50% corre-
sponds to the core genome. Unlike MAGs–cultured iso-
lates comparison, plasmid contigs were also included in 
the alignments for the direct mapping, thereby increas-
ing the complexity of this comparative approach. The 
largest plasmids in E. coli that carry ARGs and VFs have 
been reported to exceed 200 kb [60] and ETEC specifi-
cally can harbour large virulence plasmids, often > 150 kb 
[61]. Although the plasmid content in the different E. coli 
pathovars varies and can be extremely diverse, they have 
evolved from a single common backbone between 30 to 
40 kb [62], suggesting that plasmid DNA could account 
for a significant proportion of the alignments to non-tar-
geted E. coli isolates.

These observations indicate that while ONT metage-
nomics can recover near-complete pathogen genomes 
and detect lineages missed by culturing, strain-level 
discrimination remains limited in rich microbial com-
munities. A combined workflow, culturing and WGS 
of multiple isolates complemented with metagenomic 
sequencing, would provide the most complete picture of 
strain diversity and plasmid-borne pathogenicity.

Plasmid recovery and limitations of metagenomic 
assemblies
Although ONT sequencing provided high taxonomic and 
functional resolution, recovery of plasmid-encoded genes 
in MAGs remained incomplete or uncertain, a limitation 
commonly observed in other metagenomic studies [46, 
48–50, 63]. The reconstructed MAGs in our study lacked 
plasmid replicons and key virulence or resistance deter-
minants identified in the corresponding isolates, even 
when chromosomal similarity was high. This limitation 
stems from the under-representation or mis-binning of 
circular plasmids and repetitive regions due to their atyp-
ical sequence composition and variable copy number [48, 
63]. Additionally, plasmidome sequencing has previously 
been carried out separately and not as part of a regular 
metagenomic pipeline [64]. However, the limited plas-
mid-MAG recovery does not imply the absence of plas-
mids and plasmid-associated ARGs and virulence factors 
in our metagenomic data. Here, multiple plasmid-borne 
virulence and ARGs were detected in the metagenomes 
at read level, despite the inability of plasmid reconstruc-
tion in the MAGs.
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Pathogen diversity and within-sample strain 
variation and beyond E. coli pathogenicity
The ETEC pathovar, carrying fimbriae F4 or F18 and/
or enterotoxin genes, have mostly been associated with 
post-weaning diarrhoea (PWD) in piglets [65]. Phylo-
genetic analyses of the E. coli pathovars in our study 
revealed substantial within-sample diversity, often strains 
differing by hundreds of SNPs or belonging to distinct 
sequence types (STs). This supports previous evidence 
that PWD is frequently caused by several agents, involv-
ing multiple E. coli lineages with variable virulence and 
resistance repertoires [66]. Such diversity complicates 
diagnostics based on single isolates and underscores the 
value of metagenomics for capturing strain-level varia-
tion directly from faecal material. Moreover, the co-
occurrence of ETEC, STEC, and EPEC pathotypes within 
individual samples indicates ongoing horizontal gene 
transfer mediated by virulence plasmids carrying fimbrial 
and toxin genes [67].

Recent studies suggested that the aetiology of PWD 
is more complex and the role of a specific etiological 
agent in PWD is difficult to conclude [38, 68](38, 68, 68). 
While enterotoxin-producing ETEC F4 has been recog-
nised as a stable pathogen circulating in Danish pig herds 
[69], mixed infections involving C. perfringens type A, 
L. intracellularis, B. pilosicoli and enteric viruses, such 
as circoviruses and rotaviruses, have also been docu-
mented, suggesting that PWD reflects a multifactorial 
dysbiosis rather than a single-pathogen condition. Our 
ONT metagenomic analysis revealed a broader and more 
heterogeneous pathogen landscape than indicated by cul-
ture or qPCR alone. Beyond E. coli and C. perfringens, 
we detected opportunistic species including Staphylo-
coccus aureus, Klebsiella oxytoca, Enterococcus faecium, 
Listeria monocytogenes and Acinetobacter spp. Although 
these organisms may not have been directly associated 
with PWD, their presence at low abundance suggests 
that diarrhoeal pigs harbour a more complex microbial 
imbalance, potentially involving opportunistic or emerg-
ing pathogens rather than infection with a single patho-
gen. The presence of these pathogens could disrupt the 
gut microbiota, potentially facilitating the proliferation 
of pathogenic species associated with PWD. The deep 
PromethION m etagenomic sequencing also detected 
the intestinal eukaryotes Blastocystis spp. and E. bieneusi 
previously associated with severe diarrhoea and other 
intestinal diseases in livestock, including pigs, alongside 
bacterial pathogens [70]. The consistent detection of E. 
bieneusi in both diarrhoeal and healthy pigs suggests it 
could also represent a common commensal rather than 
a specific pathogen, supported by the fact that some E. 
bieneusi genotypes are known to be zoonotic, while oth-
ers are host-adapted [71, 72]. In contrast, the presence of 

Blastocystis in diarrhoeal samples only may indicate gut 
dysbiosis in affected animals [73].

Relative abundance and genome coverage metrics 
provide useful but non-definitive guidance for diagnos-
tic interpretation. In our data, E. coli lineages and other 
pathogenic taxa detected at higher sequencing depth and 
broader genome coverage, particularly when supported 
by detection of relevant virulence factors (e.g., ETEC-
associated fimbrial adhesins and enterotoxins, increased 
number of effector delivery system genes due to the pres-
ence of the locus of enterocyte effacement (LEE) patho-
genicity island characteristic of EPEC) were prioritised 
as more likely contributors to disease than taxa detected 
at low abundance or low coverage. However, high abun-
dance alone does not equate to causality, especially in 
samples containing multiple closely related E. coli strains 
that share a large, conserved core genome and differ pri-
marily in plasmid-encoded virulence traits.

However, while both culture-based diagnostics and 
metagenomic profiling can robustly identify the pres-
ence of pathogens and virulence determinants, assigning 
causality in polymicrobial infections remains challeng-
ing. But rather than identifying a single causative agent, 
metagenomic sequencing provides a framework to char-
acterise the overall pathogenic potential of the microbi-
ome, capturing strain diversity, virulence burden, and 
antimicrobial resistance context. For PWD, this broader 
perspective may be more informative for understanding 
disease dynamics and guiding interpretation than a strict 
single-pathogen model.

Implications for antimicrobial resistance 
surveillance
Both the E. coli isolates and the metagenomes displayed 
the highest prevalence of ARGs against aminoglycoside, 
β-lactam and macrolide antibiotics, consistent with anti-
biotic use patterns in Danish pig production. Specifi-
cally, the aminoglycosides neomycin and apramycin, the 
β-lactam amoxicillin and the macrolide tylosin.

Resistance to three and more antibiotics in the major-
ity of the cultured ETEC isolates (MDR-ETEC) indi-
cate considerable strain and plasmid diversity similar to 
ETEC described in previous studies [74, 75]. All MDR-
ETEC isolates in this study also carried one of the genes 
encoding F4 or F18 fimbriae and/or genes for enterotoxin 
production. Co-location of both VFs and ARGs onto 
conjugative plasmids or pathogenicity islands has been 
described previously [75] and can have marked implica-
tions in pig production as those have enhanced disease-
causing abilities and are more challenging to treat. For 
instance, tetracycline resistance genes were found at the 
highest depth among all detected ARGs in the metage-
nomics samples and in the majority of the ETEC isolates, 
and co-location of tetB genes with enterotoxin VF genes 
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has commonly been reported in pig ETEC pathovars [76, 
77]. The predominance of the narrow-spectrum blaTEM-
1B gene and the absence of genes encoding extended-
spectrum β-lactamases (ESBLs) and AmpC, colistin and 
fluoroquinolone resistance genes indicate that resistance 
profiles remain within expected numbers for enteric E. 
coli in Denmark (https://www.danmap.org/).

While isolate-based WGS provides resistance infor-
mation for individual cultured pathogens, metagenomic 
sequencing captures the broader ARG landscape within 
the infected gut microbiome. This community-level 
information may inform diagnostic interpretation and 
antimicrobial decision-making in several ways. First, 
detection of ARGs in non-cultured or co-occurring taxa 
may help explain treatment failure when resistance is 
not observed in the cultured isolate. Second, metage-
nomic resistome profiles can support empiric antimicro-
bial selection by indicating whether resistance to specific 
antibiotic classes is widespread within the microbiome, 
even when phenotypic testing is unavailable or delayed. 
Finally, the absence of high-risk resistance determi-
nants (e.g. ESBLs, carbapenemases, mcr genes) across 
the metagenome provides reassurance for antimicro-
bial stewardship and surveillance purposes. However, 
metagenomic resistance profiling remains complemen-
tary to, rather than an entire replacement for, phenotypic 
susceptibility testing.

Beyond confirming all pathogens and virulence deter-
minants identified by culture and qPCR, metagenomic 
sequencing, and specifically the deep PromethION 
sequencing, provided additional information in all 
included samples. Specifically, metagenomics detected 
additional potentially relevant pathogens (e.g., Salmo-
nella, Staphylococcus aureus, Acinetobacter baumannii) 
not targeted by the qPCR assay in all samples (Fig. 3). 
Increased number of VFs (additional fimbrial and entero-
toxin genes) were detected in 86% of the samples (19 out 
of the 22), including in two of the samples where no hae-
molytic E. coli could be isolated, in comparison to the 
corresponding E. coli single isolates (Fig. 5). Moreover, 
in 9 out of the 22 samples (41%), metagenomics detected 
all fimbrial and enterotoxin genes (Fig. 5). Regarding the 
ARG repertoire, metagenomics (PromethION) detected 
antimicrobial resistance genes in 15 antibiotic classes, 
and none of which was captured by qPCR conventional 
diagnostics (Figure S8A-B).

Depth and accuracy trade-offs between ONT 
workflows
Sequencing output strongly influenced detection sensi-
tivity. PromethION generated 20–150 × more sequence 
data per sample than both GridION approaches, yielding 
more complete community profiles and greater detection 
of low-abundance taxa, ARGs and VFs. The GridION 

workflow, while less sensitive, still achieved accurate 
pathogen detection in most diarrhoeal samples, as shown 
previously in healthy pigs [13]. This indicates it could 
serve as a rapid diagnostic tool when turnaround time 
and cost outweigh the need for deep genomic charac-
terisation. This depth–resolution trade-off has also been 
reported in clinical metagenomics, where rapid nanopore 
sequencing provides actionable results within hours, 
albeit at lower coverage [78, 79].

Integration of ONT sequencing into veterinary 
diagnostics
Overall, ONT metagenomics bridges the gap between 
traditional targeted diagnostics and full genomic reso-
lution, enabling simultaneous detection of pathogens, 
virulence factors, and ARGs in a single workflow. While 
standardisation remains necessary for routine use, our 
findings show that ONT can serve as a practical and 
scalable platform for rapid pathogen surveillance in vet-
erinary medicine, particularly when time is crucial and 
culturing is a bottleneck. ONT can also be a great advan-
tage in difficult cases where culturing is not achievable or 
expected antibiotics are not effective.

The integration of ONT metagenomic sequencing 
into diagnostics represents a major step toward real-
time, genome-wide surveillance of infectious diseases at 
the animal–human–environment interface. By enabling 
simultaneous detection of pathogens, virulence factors, 
and resistance genes directly from faecal material, this 
approach can accelerate outbreak response, guide antimi-
crobial stewardship, and strengthen One Health surveil-
lance frameworks, especially with several new initiatives 
for online pipelines for rapid analyses (without bioinfor-
matic skills requirement). As sequencing costs continue 
to decline and bioinformatic pipelines become increas-
ingly automated and coupled with AI, ONT platforms 
could evolve from research tools into routine frontline 
diagnostics for monitoring emerging bacterial and viral 
threats in livestock populations.
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