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Abstract
Background  Post-weaning diarrhoea (PWD) is a major health and economic concern in intensive pig production. 
In this study, we hypothesized that the faecal microbiome, sampled before disease onset, could provide early 
prognostic markers of PWD risk and applied a machine-learning framework to identify biomarkers predictive of piglet 
susceptibility or resilience to PWD. At two Danish commercial farms experiencing PWD outbreaks, four pens per farm 
were monitored for 14 days post-weaning, with daily clinical assessments and rectal swabs collected every other day. 
In a nested case–control design, we profiled 140 samples from 41 piglets that developed PWD and 82 samples from 
16 piglets that remained healthy by 16S rRNA sequencing. Additionally, we performed shotgun metagenomics on 56 
pre-diarrhoeic samples from susceptible piglets and 47 from resilient piglets. A random-forest classifier with recursive 
feature elimination identified metagenome-assembled genomes (MAGs) predictive of resilience or susceptibility, 
trained and cross-validated independently within each farm. Negative binomial zero-inflated mixed (NBZIM) models 
assessed associations with known PWD risk factors (e.g. birth/weaning weights, weaning age and dam parity).

Results  Prior to diarrhoea onset, microbial community structures differed significantly between resilient and 
susceptible piglets at both farms (PERMANOVA, p < 0.05). Feature-reduced models achieved high accuracy (AUC = 0.94 
and 0.82 in Farm A and Farm B, respectively) and identified 10 and 13 MAGs enriched in resilient piglets, and one and 
two MAGs enriched in susceptible piglets from the two farms, respectively. All MAGs were farm-specific, highlighting 
the multifactorial aetiology of PWD. NBZIM models indicated that most predictive MAGs were independent of 
established PWD risk factors. Temporally, these MAGs peaked in relative abundance early after weaning (day 4 in Farm 
A; day 0 in Farm B). In the farm with unclear aetiology, functional analysis showed that susceptibility-associated MAGs 
were depleted for arginine/ornithine and vitamin (cobalamin, thiamine) biosynthesis and lactate production traits, 
suggesting metabolic dysbiosis.

Conclusions  Our findings indicate that pre-diarrhoeic faecal microbiome signatures predict PWD risk and provide a 
foundation for early prognostic tools and targeted interventions, including probiotic development, to mitigate PWD 
and reduce reliance on antimicrobials in pig production.
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Background
Pigs are the food-producing animal species in the EU/
EEA with the highest share of antimicrobial sales, 
accounting for approximately one third (19,423 PCU) 
of the total sales (60,287 PCU), as measured in popula-
tion corrected units (PCU) [1]. Most of the antimicrobi-
als used in pig production are used during the weaning 
period, especially for treatment of post-weaning diar-
rhoea (PWD), a common enteric condition occurring 
within the first two weeks after weaning [2, 3]. Piglets, 
typically weaned at three to four weeks of age, are vul-
nerable to PWD due to a combination of factors, includ-
ing the discontinuation of lactation-mediated immunity, 
a developing intestinal mucosal barrier, an immature 
microbiota composition, social stress, and change of 
diet [4]. All these factors predispose piglets to infection 
by viral and bacterial pathogens, mainly enterotoxigenic 
Escherichia coli (ETEC) [5]. ETEC-associated PWD is a 
major cause of economic losses in pig production world-
wide due to low growth performance, mortality, and 
treatment costs [6]. The recent restrictions in the use 
of colistin and zinc oxide in the EU associated with the 
steady increase of resistance of ETEC to other antimi-
crobials [3] pose a major challenge in the management of 
PWD. Therefore, there is an urgent need for new strate-
gies for prevention and control of PWD.

A recent cross-sectional study integrating 16S rRNA 
gene sequencing with LC/MS-based metabolomics 
revealed alterations in the microbiota community struc-
ture and faecal metabolic profile of piglets affected by 
PWD compared to healthy controls [7]. Two previous 
longitudinal studies, employing 16S rRNA gene sequenc-
ing or qPCR assay quantification, reported differen-
tial abundance of specific bacterial taxa in the faeces of 
healthy piglets compared to their PWD-affected siblings 
[8, 9], suggesting that faecal microbiota diversity and 
composition may serve as potential indicators of sus-
ceptibility to PWD. Given that piglets display different 
susceptibility to PWD despite sharing the same envi-
ronment, our hypothesis was that the intestinal micro-
biome may predict whether piglets develop PWD. Here, 
we applied a machine-learning approach, integrating 
shotgun metagenomics with Random Forest (RF) classi-
fier and statistical modelling to identify faecal microbi-
ome biomarkers that distinguish PWD-susceptible from 
PWD-resilient piglets. In contrast to previous studies 
conducted on experimental facilities [7, 8] or a single 
commercial farm [9], which had small sample sizes (8–34 
piglets) and were limited to 16S rRNA-targeted methods, 
our study analysed a larger cohort from two commercial 
farms and employed shotgun sequencing on selected 

samples collected prior to the onset of PWD. This 
approach provided greater statistical power, species-level 
resolution, and more comprehensive insights into the dif-
ferences between diarrheic and healthy piglets.

Material and methods
Sample and data collection
The study was carried out as a nested case-control study 
with retrospective risk-based sampling from a full cohort. 
The cohort has been comprehensively described else-
where [4]. Briefly, 300 piglets were followed from birth to 
14 days after insertion to the nursery units at two Danish 
intensive indoor farms [4]. Piglets were weaned without 
use of in-feed medicinal zinc oxide at 21–27 days of age 
in Farm A and 20–26 days of age in Farm B and distrib-
uted in four pens at each producer, allocating approxi-
mately 35 piglets per pen. The piglets remained in the 
same pen (n = 4 per farm) and were clinically examined 
every day for the first 14 days after insertion to the nurs-
ery unit. Faeces were classified as non-diarrhoeic or diar-
rhoeic based on their appearance on a rectal swab [10], 
and on spontaneous defecation. Diarrhoea cases were 
treated individually by oral administration of neomycin 
sulphate (Neomay, ScanVet, Fredensborg, Denmark) after 
sample collection. Half of the original cohort (150 piglets) 
were sampled every second day after the insertion to the 
nursery, up to day 12, using rectal swabs (ESwab, COPAN 
Diagnostics, California, USA). Swabs were introduced in 
Amies medium, placed at 4 °C immediately at the farm, 
and transported to the laboratory twice weekly, where an 
aliquot was frozen at −80 °C for detection of rotavirus A 
and microbiome analysis.

For the present study, 57 of the 150 piglets included in 
the broader sampling scheme were selected for microbi-
ome analysis based on the availability of faecal material 
(Fig. 1). This subset comprised all piglets that developed 
PWD during the study period (n = 41, classified as PWD-
susceptible) and two randomly selected, clinically healthy 
piglets per pen that remained diarrhoea-free through-
out the observation period (n = 16, classified as PWD-
resilient). Although rectal swabs were scheduled every 
second day after insertion into the nursery unit, the final 
dataset contained an uneven number of samples per 
piglet, because (i) samples from PWD-susceptible pig-
lets were available only until the onset of diarrhoea, and 
(ii) some scheduled sampling points were unavailable 
because the original faecal material had not been stored 
or retained for microbiome analysis in the previous study 
(Figure S1). In total, 222 faecal samples were obtained 
(Supplementary Table S1): 82 from resilient piglets, 110 
pre-diarrhoeic samples from susceptible piglets, and 30 
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diarrhoeic samples collected at the onset of PWD (Figure 
S1).

DNA extraction and sequencing
High quality DNA was extracted from the final collec-
tion of 222 samples using the QIAamp UCP Pathogen 
Mini kit (QIAGEN, Copenhagen, Denmark), including a 
mechanical lysis step using Pathogen Lysis Tubes S (QIA-
GEN, Copenhagen, Denmark). An extraction control was 
included in each round of DNA extraction (n = 9). Librar-
ies were prepared for 16S rRNA amplicon sequenc-
ing using the Quick-16S NGS Library Prep Kit (Zymo 
Research, USA) with Quick-16S Primer Set V3–V4. 
Amplification was carried out by using the LightCycler 96 
System (Roche Life Science). One DNA extraction con-
trol was included in each extraction round, and for each 
of the six sequencing runs we included one PCR nega-
tive control and one mock bacterial community (positive 
control). Sequencing was performed on Illumina MiSeq 
(2 × 300 bp paired end reads) using the MiSeq Reagent 
Kit v3 (600 cycles; Illumina), according to manufacturer’s 
instructions.

To identify bacterial metagenome-assembled genomes 
(MAGs) associated with resilience or susceptibility to 
post-weaning diarrhoea (PWD), a subset of samples from 
47 PWD-resilient piglets (n = 20 from Farm A and n = 27 
from Farm B) and 56 PWD-susceptible piglets (n = 19 
from Farm A and n = 37 from Farm B) was subjected to 
shotgun metagenomic sequencing using the NovaSeq 
PE150 System (Illumina, California, USA), generating 
approximately 6 GB of raw data per sample. Samples 
were selected based on DNA quality, ensuring a balanced 
representation of PWD-resilient and -susceptible sam-
ples and pens in each farm.

Sequencing data processing
16S rRNA sequencing data were processed using DADA2 
v1.14.1 [11]. Optimal filtering and trimming parame-
ters were identified using FIGARO v3.0 [12]. Taxonomy 
assignment of amplicon sequence variant (ASV) was 
performed using the Silva taxonomic database v0.138.1 
for DADA2 [13]. Contaminants were removed using 
decontam v0.1.12.0 on control samples [14]. Sequences 
not assigned to bacteria were removed. A phyloseq 
object was constructed from the ASV and taxonomy 
tables using phyloseq v1.30.0 [15], and ASVs with > 50 
unrarefied reads in at least 10 samples were retained for 
subsequent analysis, a criterion chosen to remove low-
prevalence ASVs while preserving the large majority of 
biologically meaningful signal. Mock bacterial communi-
ties were assessed through the complete processing pipe-
line to confirm expected taxonomic composition, and all 
profiles were consistent with the reference composition.

Shotgun data were quality controlled using fastp 
v0.23.1 [16], with the following settings: -trim_poly_g, 
-trim_poly_x, -n_base_limit 5, -qualified_quality_phred 
20, -length_required 35. Following processing of reads, 
bowtie2 v2.4.4 [17] and samtools v1.12 [18], were used 
to map reads to the Sus scrofa (Sscrofa11.1) reference 
genome assembly. Host-removed reads were then taxo-
nomic profiled with MetaPhlAn4 v4.1.1 [19]. MAG 
reconstruction followed a custom pipeline as previously 
described [20]. Briefly, host-removed reads were indi-
vidually assembled using metaSPAdes [21] and binned 
using MetaWRAP binning module [22]. Bins were derep-
licated with dRep [23] into MAGs clusters with > 98% 
average nucleotide identity (ANI), which was selected 
for short-reads genomes [23]. MAGs were taxonomi-
cally annotated using GTDB-tk [24] and profiled using 

Fig. 1  Schematic overview of the experimental design, sample selection criteria, and the total number of animals and samples included. Only samples 
from pre-diarrhoeic, post-weaning diarrhea (PWD)-susceptible piglets were selected for shotgun sequencing
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CoverM (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​w​w​o​o​​d​/​​C​o​v​e​r​M) to ​g​e​n​e​
r​a​t​e the final sample count table, with standard param-
eters. MAG counts were normalized by genome size and 
filtered by genome covered fraction (≥30%). MAGs were 
functionally annotated using the DRAM pipeline [25], 
and functional traits were distilled into Genome-Inferred 
Functional Traits (GIFTs) using distillR (available at ​h​t​
t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​a​n​t​t​​o​n​​a​l​b​e​r​d​i​/​d​i​s​t​i​l​l​R), as previously 
described [26]. GIFTs are scored on a scale of 0 to 1, 
where 0 indicates the complete absence of genes associ-
ated with a given pathway and 1 indicates the presence of 
all relevant genes. Finally, MAGs were screened for the 
presence of putative biosynthetic gene clusters (BGCs) 
using antiSMASH v7.0 [27].

Microbiome profiling and machine-learning 
prediction of PWD
The α-diversity (Shannon diversity-index) and β-diversity 
(Bray–Curtis dissimilarity metric) indexes were calcu-
lated using R package vegan. The overall difference in 
the α-diversity was assessed using the Kruskal–Wallis, 
and differences between groups were calculated using 
the Wilcoxon Rank Sum with Benjamini–Hochberg 
correction for multiple testing. The effect of health sta-
tus on β-diversity was assessed with PERMANOVA 
(n = 999 permutations), with Benjamini–Hochberg cor-
rection for multiple testing when pairwise comparison 
was performed. Significantly enriched ASVs were identi-
fied using linear discriminant analysis effect size (LEfSe) 
analysis [28], where only ASVs with linear discriminant 
analysis (LDA) score ≥3 and p-value adjusted with the 
Benjamini–Hochberg correction ≤0.05 were considered 
significant.

A supervised Random Forest (RF) classifier (Random-
ForestClassifier, scikit-learn) was used independently for 
each farm to identify MAGs predictive of PWD status. 
MAGs relative abundances were used as features, and 
each sample was labelled as PWD-resilient (0) or PWD-
susceptible (1). To minimise over-fitting and reduce 
dimensionality, recursive feature elimination (RFE; 
KFold from scikit-learn) was applied with three-fold 
cross-validation at each step [29]. Models were trained 
and cross-validated independently within each farm to 
account for farm-specific microbiome variability. The 
area under the operating curve (AUC) of each model was 
calculated using roc_auc_score from scikit-learn. At each 
RFE iteration, model performance (AUC) was averaged 
across folds to determine the optimal feature set. Feature 
stability was assessed by examining the recurrence and 
ranking consistency of selected MAGs across cross-val-
idation splits. In addition, robustness was further evalu-
ated through five independent label-permutation tests, in 
which class labels were randomly reassigned before refit-
ting the model.

To evaluate the robustness of the predictive MAGs, we 
assessed whether their association with PWD reflected 
true disease-related differences rather than correlations 
with fixed effects, including previously established PWD 
risk factors [4, 30, 31] or study design covariates. For 
this purpose, we fitted negative binomial zero-inflated 
mixed (NBZIM) models [32] to each MAG, using the for-
mula: “y ~ Weaning_weight + Weaning_age + Dam_par-
ity + Sampling_day + Weaning_pen, random = ~1|Pig_no, 
weights = w”, where y denotes the relative abundance of 
an individual MAG, and w represents a sampling weight 
defined as the inverse probability of a pig being selected 
from the underlying full cohort within each health-status 
group. This weighting approach accounts for the nested 
case–control sampling design and corrects for the dif-
ferential sampling probabilities between PWD-resilient 
and PWD-susceptible piglets in each farm. Random 
intercepts for pig identity were included to account for 
repeated measures.

Results
PWD-resilient piglets have a distinct faecal microbiota 
compared to susceptible ones
After primer removal and quality trimming, 16S rRNA 
gene sequencing of 222 samples collected from the 57 
piglets yielded an average of 1.5 × 105 high-quality reads 
per sample (range 7.2 × 104 − 4.1 × 105). Following the 
removal of predicted contaminants and chimeras, 59,358 
ASVs were identified, and 1379 ASVs were retained 
after filtering, with an average read retention rate of 
90.4 ± 4.9%.

Members of Prevotellaceae (12.8%), Lachnospiraceae 
(11.6%), Oscillospiraceae (8.4%), Erysipelotrichaceae 
(7.0%) and Ruminococcaceae (6.2%) formed the core 
faecal microbiome at family level in both farms (i.e., 
representing ≥5% of the total relative abundance), irre-
spective on the sampling day and health status (Fig. 2A). 
β-diversity analysis revealed distinct microbial commu-
nity structures across farms (PERMANOVA, p < 0.001; 
Figure S2A), despite these showed a similar α-diversity 
(Shannon index, p = 0.405; Figure S2B). Due to these dif-
ferences in community composition, subsequent analyses 
were performed separately for each farm.

Health status was associated with the Shannon 
(α-diversity) index only in Farm B (Kruskal–Wallis 
test, p = 0.05), whereas no significant differences were 
observed in Farm A (p = 0.62). In Farm B, pairwise com-
parisons showed that the Shannon index was significantly 
lower in diarrhoeic samples than in both healthy and pre-
diarrhoeic samples (Wilcoxon Rank Sum test, p < 0.05). 
β-diversity based on Bray–Curtis dissimilarity revealed 
that health status was associated with a different commu-
nity structure in both farms (PERMANOVA, p < 0.05; Fig. 
2C). In both farms, pairwise comparison between groups 
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revealed significant differences in community structure 
between PWD-resilient and susceptible piglets, but also 
between pre-diarrhoeic and diarrhoeic samples within 
PWD-susceptible piglets (PERMANOVA, p < 0.05; Fig. 
2D).

LEfSE analyses comparing the three health groups 
identified 21 and 18 ASVs significantly enriched (LDA 
score ≥3, adjusted-p < 0.05) in PWD-resilient piglets in 
Farm A and Farm B, respectively (Supplementary Table 
S2). These ASVs were predominantly assigned to Oscil-
lospiraceae (7 and 5 ASVs in Farm A and B, respectively) 
and Lachnospiraceae (5 and 3 ASVs in Farm A and B, 
respectively) Pre-diarrhoeic susceptible piglets exhibited 
10 discriminant ASVs in each farm, primarily belonging 
to Bacteroidaceae, Clostridiaceae, Erysipelotrichaceae 
and Peptostreptococcaceae (2 ASVs each) in Farm A, and 

to Christensenellaceae and Acidaminococcaceae (2 ASVs 
each) in Farm B. Diarrhoeic samples showed enrichment 
for 24 ASVs in Farm A and 12 ASVs in Farm B, domi-
nated by Prevotellaceae (9 and 10 ASVs in Farms A and 
B, respectively) and, in Farm A, Bacteroidaceae (6 ASVs).

MAGs identified by machine learning differentiate 
PWD-resilient piglets from susceptible ones
After quality filtering and host decontamination, 4.7 × 109 
reads were obtained from shotgun sequencing, with 
an average of 4.6 × 107 high-quality non-host reads per 
sample (range 1.4–7.1 × 107). Read-based taxonomic 
profiling was consistent with 16S rRNA results (Figure 
S3A), except for a higher proportion of reads assigned 
to Enterobacteriaceae in the shotgun data (mean 28.3%) 
compared with 16S rRNA sequencing (mean 3.8%), 

Fig. 2  Longitudinal profiling of the faecal microbiota of PWD-resilient and pre-diarrhoeic and diarrhoeic PWD-susceptible piglets from two commercial 
farms based on 16S rRNA data. Relative abundance of core families in the faecal microbiota of piglets after weaning (panel A). Bacterial families forming 
the core faecal microbiome are highlighted in bold. Diarrhoeic piglets showed a significant lower bacterial evenness calculated with the Shannon index 
(Wilcoxon Rank Sum test, p = 0.024; panel B) in Farm B but not in Farm A. Principal coordinate plots based on the Bray-Curtis matrix (panel C) revealed 
that PWD-resilient piglets host distinct gut microbial communities compared to PWD-susceptible piglets, both before and during the diarrhoea episode 
(PERMANOVA, p < 0.05; illustrated in panel D). Abbreviations: PWD-R, PWD-resilient piglets; PWD-S (d), diarrhoeic PWD-susceptible piglets; PWD-S (pd), 
pre-diarrhoeic PWD-susceptible piglets
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which detected this bacterial family only in Farm B. 
While no significant differences in bacterial richness or 
evenness were observed (Figure S3B), community struc-
ture analysis confirmed a significant shift in the micro-
biota structure between PWD-resilient and susceptible 
piglets (PERMANOVA, p < 0.05; Figure S3C).

From assembly of non-host reads, 1156 dereplicated 
MAGs were obtained, of which 580 (50.2%) showed high 
completeness ( > 90%) and low contamination ( < 5%). 
Profiling of MAGs identified 1056 and 1119 MAGs in 
Farms A and B, respectively. To determine the MAGs 
most predictive of pre-disease status, a RF classifier 
was employed, using a threefold cross-validation strat-
egy with iterative training and testing splits. The classi-
fier achieved an AUC of 0.72 and 0.62 for Farm A and B, 
respectively (Fig. 3A). Model validation with five itera-
tions of classifying randomly permuted labels resulted 
in lower performance (AUC 0.44–0.55 for Farm A and 
0.32–0.55 for Farm B; Figure S4), supporting that the 
observed predictive accuracy was not driven by chance. 
Model performance improved with a reduced set of 
MAGs selected through cross-validation, identifying 11 
predictive MAGs in Farm A (AUC = 0.94) and 15 MAGs 
in Farm B (AUC = 0.82; Fig. 3A). Notably, none of the 
predictive MAGs were shared between farms. β-diversity 
analysis based on these predictive MAGs revealed a sig-
nificant separation between PWD-resilient and suscep-
tible piglets in Farm A (PERMANOVA, p = 0.001) and 
partial separation in Farm B (PERMANOVA, p = 0.001; 
Fig. 3B).

From the predictive MAGs identified through RF anal-
ysis, 10 and 13 were enriched in PWD-resilient piglets 
from Farms A and B, respectively (Figure S5 and Supple-
mentary Table S3). Conversely, one and two MAGs were 
enriched in PWD-susceptible piglets from Farms A and 
B, respectively (Figure S5 and Supplementary Table S3).

Draft genomes of the 26 MAGs selected by the RF clas-
sifier were mined for GIFTs and BGCs (Fig. 3C). A com-
prehensive overview of the identified GIFTs and BGCs 
is provided in Figure S6 and Figure S7, respectively. In 
Farm B, GIFT analysis revealed distinct functional pro-
files between MAGs associated with PWD resilience and 
susceptibility, whereas no such separation was observed 
in Farm A (Fig. 3C). Specifically, MAGs from Farm B 
enriched in PWD-susceptible piglets were depleted for 
specific traits related to amino acid biosynthesis (i.e., 
arginine and ornithine), organic anion production (i.e., 
L-lactate and D-lactate), and vitamin biosynthesis (i.e., 
cobalamin and thiamine). Additionally, MAGs enriched 
in PWD-resilient piglets displayed a higher abundance of 
BGCs compared to those enriched in PWD-susceptible 
ones, regardless of the farm of origin (Fig. 3Cand Figure 
S7).

Fixed effect influence on resilience- and 
susceptibility-associated MAGs differs between 
farms
NBZIM models were used to assess whether the pre-
dictive ability of the 26 MAGs was due to association 
to known PWD risk factors or study design covariates. 
In Farm A, six of the 10 MAGs associated with PWD-
resilient piglets, as well as the single MAG linked to 
PWD-susceptible animals (Parabacteroides goldsteinii, 
MAG1114), were not associated with the tested fixed 
effects (Figure S8 and Supplementary Table S3). The six 
resilience-associated MAGs comprised four members of 
the Oscillospiraceae family, including three classified as 
Faecousia spp. (MAG0019, MAG0622, MAG1020), and 
three members of Lachnospiraceae, including two clas-
sified as Oliverpabstia (MAG0001, MAG0882) and one 
as Blautia spp. (MAG1019). The four resilience-asso-
ciated MAGs showing associations to fixed effects were 
MAG0052 (Faecousia spp.; sampling time and weaning 
pen), two Sodaliphilus spp. (MAG0288 and MAG0743; 
weaning age) and Limivicinus spp. (MAG108; sampling 
time).

In Farm B, only four of the 15 selected MAGs had no 
association with fixed effects (Figure S8 and Supplemen-
tary Table S3), namely Enterococcus faecalis (MAG0439) 
and an unclassified Lachnospiraceae (MAG0677) in resil-
ient piglets, and Angelakisella spp. (Ruminococcaceae, 
MAG0373) together with an unclassified Christensenel-
lales (MAG0626) in susceptible piglets. Out of the eleven 
MAGs showing associations with fixed effects, most were 
affected by sampling time (10/15), following by weaning 
weight (3/15), weaning age (2/15), weaning pen (1/15), 
and dam parity (1/15).

Temporal analysis showed that MAGs unaffected by 
fixed effects (n = 11) exhibited distinct abundance trajec-
tories during the early post-weaning period (Fig. 4). In 
Farm A, resilience-associated MAGs, including Faecou-
sia spp., Oliverpabstia spp. and Blautia spp., generally 
displayed an early peak around day 4, with consistently 
higher relative abundances in PWD-resilient piglets 
than in susceptible ones. In contrast, the susceptibility-
associated MAG1114 in Farm A (P. goldsteinii) increased 
sharply in susceptible piglets on day 4 and declined 
thereafter, remaining nearly absent in resilient animals. 
In Farm B, E. faecalis (MAG0439) and the unclassified 
Lachnospiraceae MAG0677 showed stable or increasing 
abundances in resilient piglets, whereas susceptibility-
associated MAGs (Angelakisella spp., MAG0373, and 
Christensenellales MAG0626) displayed early spikes at 
day 0–2 followed by a marked decline.
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Fig. 3  Metagenome-assembled genomes (MAGs) to predict the health status of post-weaned piglets in two commercial farms. The performance of the 
random forest algorithm (panel A) was higher when the number of MAGs were reduced by the three-fold cross-validation analysis. The community com-
position based on Bray-Curtis index (panel B) of the predictive MAGs allowed to discriminate piglets based on their health status (PERMANOVA, p < 0.05). 
Weighed capacities of genome-inferred functional traits (GIFT) and number of biosynthetic gene clusters (BGCs) in MAGs associated with PWD-resilient 
or PWD-susceptible piglets (panel C)
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Discussion
Using a machine-learning approach that combined shot-
gun metagenomics data with a RF classifier, we identified 
specific MAGs that differed significantly in abundance 
between piglets that develop PWD within the two weeks 
after weaning and those that remain healthy, even before 
diarrhoea onset. This early distinction suggests that the 
relative abundance of these MAGs in faecal samples 
can serve as prognostic markers of PWD risk. Identify-
ing such markers prior or immediately after insertion 
into the weaning unit would allow high-risk piglets to 
be pinpointed before clinical symptoms appear, thereby 
enabling timely interventions to prevent disease spread. 
Temporal analysis further revealed that resilience- and 
susceptibility-associated MAGs peaked very early after 
weaning (Fig. 4), highlighting a narrow intervention win-
dow for risk-based screening and targeted management 
to separate high- from low-risk piglets.

Despite these promising results, the MAGs associ-
ated with PWD resilience and susceptibility were not 
consistent across farms, complicating their universal 
application as biomarker candidates. This variability 
suggests that local farm-specific factors, such as man-
agement practices, feed composition, and baseline 

microbiota differences, also play a significant role in 
influencing PWD susceptibility. To facilitate the identifi-
cation of universal biomarkers that predict PWD across 
diverse farms, future work should adopt multi-farm and 
multi-cohort strategies. A complementary approach is 
the use of large-scale meta-analyses integrating pub-
licly available metagenomic datasets with newly gener-
ated farm-level data, thereby increasing statistical power 
and capturing broader environmental and management 
variability.

Notably, the two farms differed in diarrhoea aetiology: 
in Farm A, PWD cases were linked to rotavirus A dur-
ing the first week and ETEC in the second week, whereas 
in Farm B, rotavirus A was also detected during the first 
week, but most cases lacked a known aetiological agent 
despite the presence of haemolytic non-toxigenic E. coli 
strains [4]. Given these differences, the next step is to 
determine whether the observed variability in biomark-
ers correlates with the underlying cause of PWD. This 
will require a larger-scale, multi-farm study where piglets 
are screened at nursery unit entry using rapid, cost-effec-
tive methods (e.g., PCR) targeting all biomarkers identi-
fied in this study, alongside individual clinical diagnosis 
to differentiate between ETEC and non-ETEC cases.

Fig. 4  Temporal and potential probiotic analysis of predictive MAGs. Line plots showing the relative abundances (%) of the MAGs over the sampling days. 
The asterisk indicates significantly higher abundances (p < 0.05) calculated with the Wilcoxon Rank Sum test

 



Page 9 of 12Pirolo et al. Animal Microbiome            (2026) 8:33 

Interestingly, NBZIM models indicated that most 
MAGs associated with PWD resilience (six in Farm A 
and two in Farm B) or susceptibility (one in Farm A and 
two in Farm B) were unrelated with established risk fac-
tors [4, 30, 31] or study design covariates (Figure S8–S9 
and Supplementary Table S3). In other words, while 
some MAGs were associated to fixed effects, especially 
sampling time, the microbiome signatures identified as 
independent by the NBZIM models appear to provide 
predictive information beyond conventional risk fac-
tors. This independence underscores the potential utility 
of these MAGs as early, robust biomarkers for identify-
ing piglets at risk of PWD, as they are unlikely to be the 
result of an association to risk factors of the disease.

Several studies have shown that ETEC can be present 
in clinically healthy pigs and is not consistently asso-
ciated with PWD [4, 33, 34]. In PWD outbreaks with 
an unclear aetiology, such as on Farm B, resilience or 
susceptibility may instead be linked to functional and 
metabolic variations within the microbiota. Support-
ing this, our functional analysis on full set of predictive 
MAGs identified by the RF model in Farm B, regardless 
of their association with fixed effects in NBZIM models, 
revealed a significant depletion of specific genetic traits 
in MAGs associated with PWD susceptibility, including 
pathways involved in amino acid biosynthesis (arginine 
and ornithine), lactate production, and vitamin biosyn-
thesis (cobalamin and thiamine), which may contribute 
to a metabolically mediated dysbiosis. Arginine and orni-
thine are critical for maintaining intestinal barrier integ-
rity, promoting mucosal repair, and supporting immune 
function during the stressful weaning period [35, 36]. 
Under stressful conditions such as weaning, the endog-
enous synthesis of arginine may not be sufficient to meet 
physiological demands, and recent evidence suggests an 
optimal dietary arginine level (1.5% to 1.9% standard-
ized ileal digestible arginine) during the first three weeks 
post-weaning significantly improves overall pig growth 
performance [37]. Given the depletion of microbial genes 
involved in arginine biosynthesis observed in the MAGs 
associated with PWD susceptibility in Farm B, the intes-
tinal microbiota’s reduced ability to provide adequate 
arginine could exacerbate the physiological stress during 
weaning, further compromising intestinal integrity and 
increasing susceptibility to diarrheal diseases. Likewise, 
reduced microbial lactate production may impair short-
chain fatty acid (SCFA) synthesis, negatively affecting 
epithelial barrier function and increasing susceptibility 
to pathogen colonization [38]. Moreover, cobalamin and 
thiamine deficiencies could exacerbate dysbiosis through 
altered microbial competition, potentially impacting 
nutrient absorption and microbial community dynam-
ics [39, 40]. Reduced functional redundancy in these 
pathways may further limit the microbiota’s capacity to 

buffer perturbations during weaning, thereby increasing 
susceptibility to dysbiosis [41]. Collectively, these find-
ings suggest that in the absence of ETEC, rotavirus and 
other known pathogens, PWD may arise from a dysbiotic 
microbiota that fails to maintain gut homeostasis under 
the stresses of weaning.

The taxa predictive of a reduced risk of PWD included 
members of Lachnospiraceae (in both farms) and Oscillo-
spiraceae (mostly in Farm A), which have been associated 
to healthy piglets before [8, 42]. These MAGs encoded for 
different BGCs, which are critical for microbe–microbe 
and microbe–host interactions and have been implicated 
in shaping the pig gut microbiome composition [43]. In 
addition, members of these families are known to pro-
duce SCFAs [44]. SCFAs play critical roles in gut health 
by serving as an energy source for intestinal epithelial 
cells, promoting their proliferation and differentiation, 
and exerting systemic metabolic effects [45]. Notably, 
members of Oscillospiraceae have recently gained atten-
tion for their ability to regulate chronic inflammation 
and are considered potential “next-generation probiot-
ics” [46]. Here, we identified three MAGs from this fam-
ily, which were classified as Faecousia spp. Additionally, 
three health-associated MAGs in Farm A and one in 
Farm B belong to the Lachnospiraceae family, which have 
been associated with young piglets that do not develop 
PWD [47] and exhibit high feed efficiency [48]. In Farm 
B, one MAG was assigned to Enterococcus faecalis, a spe-
cies previously tested as a feed supplement in weaned 
piglets, though with inconsistent effects on diarrhoea 
prevention [49, 50], largely attributed to strain-specific 
properties. These findings warrant further investigation 
to determine whether these MAGs represent a novel, 
pig-specific resource of probiotic candidates. Probiot-
ics represent a promising non-antimicrobial strategy for 
mitigating PWD due to their potential to enhance immu-
nity and resistance to pathogens in pigs [51, 52]. How-
ever, most current research focuses on probiotics derived 
from human studies, such as lactobacilli, Saccharomyces 
cerevisiae, and Bacillus spp. Notably, MAGs predictive of 
PWD-resilient pigs in our study belong to species (e.g., 
Oliverpabstia intestinalis) and genera (Faecousia spp. and 
Blautia spp.) that have been successfully isolated from 
pigs or humans, with established cultivation protocols 
[53, 54]. While these bacteria exhibit promising probiotic 
features, the association between their abundance and 
health outcomes does not establish a causative relation-
ship. Further research is required to determine whether 
they can be isolated, stabilized, and developed into effec-
tive probiotic formulations for PWD prevention. In addi-
tion, regulatory approval for next-generation probiotics 
requires comprehensive safety and efficacy data, which 
are currently lacking for these taxa.
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One MAG associated with PWD susceptibility was 
identified in Farm A (P. goldsteinii MAG1114), and two 
in Farm B (Angelakisella spp. MAG0373 and unclassified 
Christensenellales MAG0626). The enrichment of these 
taxa in piglets prior to the development of PWD in one of 
the farms does not imply a causative relationship with the 
disease. Indeed, very little is known about the prevalence 
and impact of these bacteria on pig gut health. A single 
study in weaned pigs linked inoculation of P. goldsteinii 
to anti-inflammatory effects and enrichment of beneficial 
bacteria, such as Lactobacillales and Butyricimonas [54]. 
Based on studies in mice, P. goldsteinii and other mem-
bers of the Parabacteroides genus are known to exhibit 
dual effects, meaning they can have both beneficial and 
detrimental impacts depending on the host context and 
specific strains involved [55].

Comparison of 16S rRNA and shotgun metagenomics 
data revealed consistent patterns in the faecal microbiota 
composition of PWD-resilient and -susceptible piglets, 
with both approaches showing significant differences in 
community structure between groups. Taxonomic pro-
files at the family level were broadly consistent, although 
shotgun data revealed a higher proportion of Enterobac-
teriaceae, possibly due to a low resolution of this family 
with 16S V3–V4 region used in this study [56], a limita-
tion that has been reported for other 16S variable regions 
[57].

Regarding the machine-learning methodology used, 
RF classifiers are well-established in human microbi-
ome research for their robustness to high-dimensional 
and sparse data. In veterinary contexts, they have previ-
ously been used to differentiate bacteriophage signatures 
between healthy and diarrhoeic neonatal piglets [58] and 
to identify microbiome markers of Mycobacterium avium 
subsp. paratuberculosis infection in cattle [59]. Our study 
extends these applications by combining RF with RFE 
at the MAG level, offering higher taxonomic resolution 
than previous genus-level approaches [29]. The models 
achieved high predictive accuracy (AUC = 0.94 in Farm A 
and 0.82 in Farm B), with robustness confirmed by per-
mutation testing. Importantly, we also applied NBZIM 
models to test the association of the selected MAGs 
with potential study design covariates and risk factors 
for PWD [4, 30, 31]. This two-step framework not only 
improved predictive performance but also ensured epi-
demiological relevance, highlighting the potential of this 
integrative approach to leverage microbiome data for 
diagnostic, prognostic, and therapeutic applications.

Some limitations should be considered when inter-
preting our findings. First, although the sample size for 
shotgun metagenomics (n = 103) exceeds those of pre-
vious longitudinal PWD studies using 16S rRNA gene 
sequencing, it is restricted to only two farms and remains 
insufficient to achieve optimal statistical power for 

machine-learning analyses, which require large datasets 
to robustly detect complex microbial patterns and asso-
ciations. As a result, some associations may have been 
missed or overestimated. Second, the modest cohort size 
constrains the ability to perform comprehensive sub-
group analyses, such as stratification by specific PWD 
aetiology or sampling day. Because piglets contributed 
multiple samples across the post-weaning period, the 
dataset also includes repeated measures, which intro-
duces some degree of non-independence. Although 
the key biomarker analysis focused on pre-diarrhoeic 
samples to reduce within-animal clustering, repeated 
sampling may still influence diversity and taxonomic 
comparisons. Third, the number of MAGs associated 
with PWD susceptibility was small (one in Farm A and 
two in Farm B), which limits the breadth of functional 
inference and warrants cautious interpretation of the 
functional differences observed. Finally, the differences 
observed between the two farms further highlight the 
impact of farm-specific factors, such as diet and man-
agement practices, on microbiota dynamics. Given the 
increasing availability of public metagenomic reposito-
ries and associated metadata, it is highly desirable that 
our findings be validated and expanded using larger, 
more diverse datasets to improve their robustness and 
generalizability.

Conclusions
Our study demonstrates that the faecal microbiome of 
piglets differs significantly before the onset of PWD, 
offering valuable insights for early prediction of disease 
risk. While the farm-specific nature of the identified 
resilience and susceptibility biomarkers highlights the 
complexity of PWD and limits their immediate gener-
alisability, it also underscores the influence of local fac-
tors and disease aetiology. Nonetheless, our integrative 
machine-learning approach provides a promising frame-
work for advancing microbiome-based diagnostics and 
prognostics, particularly as larger and more diverse data-
sets become available. Finally, the identification of novel 
probiotic candidates supports future strategies aimed at 
improving animal health and reducing reliance on anti-
microbials in pig production.
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