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Stressors significantly impact human and animal health, increasing the risk of physical and mental dis-
orders, in part by affecting the gut-brain axis. Although a link between stress, alterations in gut microbial 
composition, and the serum metabolite profile has already been established in humans, multiomics stud-
ies integrating the faecal microbiome and untargeted metabolomics remain unavailable. The objectives of 
the present study were twofold: first, to identify microbial and metabolic signatures associated with pro-
longed stress, and second, to evaluate the potential of integrative multiomics approaches to predict key 
metabolites and discover non-invasive faecal biomarkers of stress in pigs (n = 60). Gut microbial profiles 
were obtained by shotgun metagenomic sequencing, while faecal metabolites were analysed by untar-
geted reverse-phase liquid chromatography quadrupole time of flight mass spectrometry, followed by 
partial least squares discriminant analysis. Metabolite prediction from microbial features was performed 
using the machine learning method based on neural ordinary differential equations. Eleven discriminant 
metabolites were identified. In the control group, neurotransmitters such as serotonin and metabolites
such as 2-acetamidophenol and sinapine (which possess anti-inflammatory and antioxidant properties)
were the most prominent. Conversely, the stressed group exhibited elevated levels of xanthosine, pyrim-
idine bases (thymine and uracil), n-octadecylamine, and N-a-acetyl-L-lysine. N-octadecylamine (r = 0.37)
showed a positive, and serotonin (r = −0.32) a negative correlation with hair cortisol. The results revealed
interspecific interactions that modulated microbial and metabolic shifts between the control and stressed
pig groups. Feature selection further identified 64 microbial genes that improved classification accuracy
between control and stressed pigs to 91.06% and enhanced the prediction of key metabolites, including
serotonin and xanthosine. Overall, this integrative multiomics framework elucidates complex
microbiome-metabolite interactions and identifies non-invasive biomarkers of prolonged stress-
induced metabolic dysregulation, providing valuable insights for animal welfare and translational human
health research.

© 2026 The Author(s). Published by Elsevier B.V. on behalf of The animal Consortium. This is an open 
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 
Implications 

Prolonged stress poses a major challenge to pig production, yet 
its impact on the gut microbiome and its metabolic outputs
remains poorly understood. This study investigated how chronic
social stress alters the faecal microbiome and metabolome in pigs, 
integrating multiomics data to identify potential non-invasive 
biomarkers. We identified condition-specific metabolites, includ-
ing serotonin and xanthosine, and demonstrated that metage-
nomic data can accurately predict relevant metabolites. These
findings highlight a set of candidate faecal biomarkers that could
support the monitoring of animal welfare in commercial settings,
offering a practical approach for the early detection of stress-
induced disturbances.
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Introduction 

The intensification of modern animal production systems, dri-
ven by growing global food demand, has made stress managemen t
a critical challenge for pigs, as chronic stress significantly compro-
mises welfare and productivity (Martínez-Miró et al., 2016). 
Among stressors in pig production, social stress resulting from
regrouping and crowding is particularly relevant (Turner et al.,
2000; Proudfoot and Habing, 2015; Fu et al., 2016). Pigs are highly 
social animals (Meese and Ewbank, 1973), and the destabilisation 
of their hierarchies induces acute stress responses (Galli et al.,
2023), while prolonged spatial restriction promotes chronic stress 
through sustained competition for resources, especially during
later growth stages (Camp Montoro et al., 2021; Nannoni et al.,
2019). Stress responses influence host physiology and behaviour 
through the Microbiota-Gut-Brain Axis ( MGBA), a multifaceted
system that comprises the gut microbiota (Leigh et al., 2023), the 
immune system (Ravi et al., 2021), and the central nervous system
(Principi and Esposito, 2016; Russell and Lightman, 2019). These 
management-related stressors, therefore, provide a suitable bio-
logical model to investigate how persistent psychosocial chal-
lenges perturb this axis.

In swine, stress has been reported to cause immune dysfunction
(Gimsa et al., 2018), metabolic alterations (Sánchez et al., 2022;
Tang et al., 2022), and increased disease susceptibility (Kick 
et al., 2011). In particular, accumulating evidence indicates that 
stress induces marked shifts in gut microbial structure and func-
tion (Li et al., 2018; Vourlaki et al., 2025). However, stress and 
the gut microbiome are engaged in a dynamic, bidirectional rela-
tionship rather than a unidirecti onal cause-and-effect process.
Gut microbiota actively contributes to the MGBA by producing
bioactive compounds (Silva et al., 2020; Vasquez et al., 2022;
Zhou et al., 2023), such as short-chain fatty acids, amino acid 
derivatives, and neurotransmitter-like molecules, which influence
the hypothalamic–pituitary–adrenal axis and host behaviour.

Despite the wide range of stress-related effects, blood cortisol is 
the primary and most widely used stress biomarker (Martínez-
Miró et al., 2016). Even so, non-invasive samples such as saliva, 
faeces and hair are increasingly preferred in pig welfare studies
(Escribano et al., 2015; Prims et al., 2019; Svoboda et al., 2024). Sal-
iva and blood cortisol mainly reflect acute stress (Svoboda et al.,
2024), whereas hair cortisol integrates long-term hormonal expo-
sure and is better suited to evaluate chronic stress (Heimbürge 
et al., 2019). Nevertheless, assessing stress solely through unique 
endocrine biomarkers cannot capture the complexity of the MGBA 
dialogue under stress exposure. Given the diverse causes and mul-
tiple physiological systems involved in the stress response, a range
of biomarkers should be considered (Papatsiros et al., 2024). 
Emerging evidence suggests that a multibiomarker approach that 
integrates host, microbial and metabolic information may better
characterise stress-induced dysregulation (Menneson et al., 2019;
He et al., 2021; Clavell-Sansalvador et al., 2024). 

The identification of non-invasive stress biomarkers could facil-
itate the early detection of welfare disturbances in pigs (Zheng 
et al., 2024; Li et al., 2018) and might aid in developing interven-
tions for stress-related human disorders, including major depres-
sive disorder (Valles-Colomer et al., 2019; Liu et al., 2024). 
Recent advances in omics technologies, such as metagenomics 
and untargeted metabolomics, have provided tools for investigat-
ing stress-induced effects on the MGBA and its related pathways.
Several studies have linked stress and depressive disorders to
altered gut microbial composition (Nguyen et al., 2023; Zhao
et al., 2024; Clavell-Sansalvador et al., 2024) and to changes in 
serum metabolite profiles (Amin et al., 2023). However, the faecal 
metabolites and the microbial taxa associated with these processes
2

remain poorly understood. Moreover, most studies have focused 
on isolated gut microbiota components or metabolic pathways, 
with limited attempts to integrate multiomics data into intricate 
gut microbiome-metabolome interactions. Such integrative strate-
gies would enable the joint interpretation of microbial composi-
tion, functional capacity, and metabolite production in the
context of host physiology, offering a comprehensive framework
for investigating host-microbial interactions under stress
conditions.

To address these gaps, the present study examined alterations 
in microbial communities and faecal metabolites induced by pro-
longed social challenge, integrating shotgun metagenomics and 
faecal untargeted metabolomics in a porcine stress model. The 
objective was to identify the microbial and metabolic signatures
associated with the social stress response and provide insight into
how chronic stress influences the gut microbiome and its meta-
bolic outputs.

Material and methods

Study d esign

Animal care and experimental procedures were performed fol-
lowing the national and institutional guidelines for Good Experi-
mental Practices and were approved by the Institute of Agrifood 
Research and Technology (IRTA) Ethical Committee, code 10329. 
A total of 60 Duroc pigs (30 immunocastrated males and 30 
females) of the same Duroc genetic line (Selección Batallé) were 
allocated at two months of age to the IRTA experimental farm in 
Monells (Girona, Spain). Upon arrival, pigs were tagged and 
weighed. Subsequently, the animals were grouped and distributed 
into eight pens, each containing eight individuals (four immuno-
castrated males and four females), within the same building. Ani-
mal allocation followed a blocked design based on BW and 
lineage to homogenise pens at the start of the experiment and 
avoid initial bias. The experimental treatments (control vs stress) 
were applied at the pen level. Therefore, the pen was treated as 
the experimental unit for all analyses of treatment effects. Pigs in 
the stress group were subjected to more stressful conditions than
those in the control group. First, their space was restricted to the
legal minimum of 1 m2 per pig at the end of the growing period,
thereby increasing resource competition, whereas the control
group received 1.5 m2. Furthermore, to disrupt social hierarchies
and incite conflict to re-establish the dominance order, the stress
group underwent two additional mixing events compared with
the control group. Firstly, there was an initial mixing while allocat-
ing all the animals in their original pens, followed by a second mix-
ing event two months later, during which all females from
different stress pens were mixed, and a final mixing event three
weeks later, involving the mixing of male animals. Throughout
these procedures, animals were consistently housed in pens with
unfamiliar individuals, and the control group remained unaltered.
During the experimental period, the animals received a cereal-
based diet formulated to meet the nutritional requirements for
each period (Nutrient Requirements of Swine, 2012), detailed in
Supplementary Table S1. Although treatments were applied at 
the pen level, with each pen containing only animals from a single 
treatment, individual measureme nts, including BW, feed intake,
hair cortisol concentration, and faecal samples, were collected
from each animal. As described by Clavell-Sansalvador et al.
(2024), individual feed intake (Nedap electronic feeding stations) 
and BW were recorded to calculate the average daily gain, feed 
conversion ratio, and residual feed intake. At the end of the grow-
ing period (seven months of age), hair and faecal samples were col-
lected in an experimental slaughterhouse for cortisol analysis,
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shotgun metagenomic, and metabolomic profiling (Fig. 1). Specifi-
cally, hair was obtained from the fronto-parietal region of the pig’s 
head using an electric clipper. It was stored in zipper bags in the 
absence of light at −80 °C. Faecal samples were collected directly 
from the rectum of each animal using sterile disposable gloves.
Contact with the ground was avoided to minimise environmental
contamination, and gloves were changed between animals to pre-
vent cross-contamination. The samples were immediately stored
at −80 °C in two 4 mL cryotubes per animal.

Microbial DNA extraction and shotgun metagenomics sequencing

Total DNA from 250 mg of faeces was extracted using the 
DNeasy PowerSoil Pro kit (QIAGEN, Tegelen, the Netherlands) fol-
lowing the manufacturer’s instructions and quantified using the 
Qubit dsDNA Broad Range assay kit (Thermo Fisher Scientific). 
Shotgun metagenomic libraries were prepared at the Centre for 
Genomic Regulation (Barcelona, Spain). Library preparation was 
performed on a TECAN Fluent automated platform using a custom 
protocol based on a home-engineered Tn5 transposase (R27S, 
E54K, L372P). Genomic DNA was quantified using the dsDNA Pico-
Green assay (Invitrogen) and normalised to 0.4 ng/lL. One nano-
gram of input DNA was subjected to tagmentatio n,
simultaneously fragmenting the DNA and incorporating adapter
sequences. Libraries were then amplified by limited-cycle PCR
using KAPA HiFi HotStart ReadyMix (Roche; KK2601) and unique
dual-index Nextera primers. PCR products were purified with
in-house magnetic beads. Final libraries were evaluated for con-
centration and fragment size distribution using a Bioanalyzer or
Fragment Analyser High Sensitivity assay (Agilent Technologies)
and pooled equimolarly before sequencing. Paired-end sequencing
(2 × 150 bp) was performed on a single Illumina NovaSeq 6000
platform at a sequencing depth of ∼10 Gb per sample.

Computational analysis of metagenomics

Bioinformatic analysis includes taxonomic profiling, generation 
of Metagenome-Assembled Genomes (MAGs), microbial gene 
inference, and functional prediction. Initially, the nf-core/mag
2.5.1 pipeline (Ewels et al., 2020; Krakau et al., 2022) was 
employed to perform quality control and host decontamination 
by removing reads that mapped to the porcine Susscrofa11.1 
assembly genome. Then, the remaining reads were processed fol-
lowing complementary approaches: (1) taxonomic profiles were
obtained by performing read-based classification on unassembled
reads using sylph v0.8 (Shaw and Yu, 2023) against the GTDB-
R220 database (release 09-RS220, 24 April 2024); and (2) individ-
ual sample assemblies were generated using Megahit v1.0.2 (Li 
et al., 2015) as implemented in the nf-core/mag pipeline. Binning 
was performed with nf-core/mag using MaxBin2 (Wu et al.,
2016) and MetaBAT2 (Kang et al., 2019). The resulting bins were 
refined with the bin refinement module of metaWRAP (Uritskiy 
et al., 2018) and dereplicated with dRep v3.5.0 (Olm et al., 2017). 
The parameters for the refinement module were set at a minimum 
completion of 70% (-c 70) and a maximum contamination of 10%
(-x 10). Completeness and contamination of each MAG were
assessed using CheckM2 (Chklovski et al., 2023). Taxonomic anno-
tation of the resulting MAGs was performed using GTDB-Tk v2.4.0
(Chaumeil et al., 2020), and their functional annotation was per-
formed with DRAM (Shaffer et al., 2020) against the PFAM-A, 
KOfam, and dbCAN-V10 databases (downloaded in July 2024). 
The R package ‘distillR’ was used to transform the DRAM annota-
tions of each MAG into multiple Genome Inferred Functional Traits
(Kanehisa and Goto, 2000; Alberdi, 2022). Finally, the mapping rate 
of metagenomic reads, MAGs, and gene abundance was calculated
using coverM (Aroney et al., 2024). 
3

Metagenomic statistical analysis

To identify the microorganisms that better discriminate 
between stress and non-stress conditions, Partial Least Squares 
Discriminant Analysis (PLS-DA) was applied to C entred Log-
Ratio (CLR)-transformed MAG abundances using the mixOmics
R package v6.30.0 (Rohart et al., 2017). Because log-ratio trans-
formations cannot be computed in the presence of zeros, all 
CLR-transformed tables in our analyses were first adjusted by 
adding a small pseudocount (0.0001) to each feature to handle 
zero values. Model robustness was evaluated through 10 000 
iterations of cross-validation, with the dataset randomly parti-
tioned into 70% training and 30% testing subsets per iteration. 
Predictions were generated using Mahalanobis distance, and 
the resulting confusion matrices were aggregated to compute 
overall accuracy, class-specific performance metrics, and error 
rates. The optimal number of components was chosen as the
one yielding the lowest balanced error rate for Mahalanobis
distance, determined via 4-fold cross-validation repeated 100
times. The discriminative MAGs were identified based on Vari-
able Importance in Projection (VIP) scores using the vip() func-
tion from the R package mixOmics. Variables with VIP > 1 were
considered important contributors to the discrimination
between groups.

Cortisol extraction and quantification

To assess chronic stress, cortisol was extracted from hair at 
the end of the experiment using the method described by
Davenport  et  al.  (2006). Briefly, 250 mg of hair was weighed, 
placed in a polypropylene tube, and washed with five millilitres 
of isopropanol. After mixing at room temperature and centrifu-
gation at 1 500 g for 1 min, isopropanol was discarded, and the 
washing step was repeated. The samples were left to dry com-
pletely at room temperature before being cut into small pieces 
(∼5 mm). Subsequently, 60 mg of hair from each sample was 
weighed, pulverised into a fine powder using a Precellys Evolu-
tion homogeniser (Bertin Technologies, France), and incubated 
with one millilitre of methanol for 18 h at room temperature 
with continuous gentle agitation for steroid extraction. The 
samples were centrifuged at 2 000 g for 5 min, and 0.6 mL of 
the methanol extract was aliquoted into a new Eppendorf tube.
The extracts were evaporated to dryness using a Speed Vac Con-
centrator (Concentrator 5301, Eppendorf), reconstituted with
0.1 mL of phosphate-buffered saline, and stored at −80 °C until
analysis. A sensitive assay based on AlphaLISA® technology
(PerkinElmer), previously validated for pig hair, was used to
measure cortisol in all samples. The results were expressed as
pg/mg of hair. The assay showed a coefficient of variation of <
12%, with a limit of blank at 1.42 ng/mL and a limit of quantifi-
cation of 6.96 pg/mL.

Metabolomic sample preparation and analysis

The metabolomic analysis was performed at the Institute of 
Food Science Research (CIAL-CSIC, Madrid). Stool samples were 
collected simultaneously as faecal samples employed in metage-
nomics, immediately frozen with liquid nitrogen, and stored at – 
80 °C. Prior to extraction, samples were homogenised by vortexing 
for 1 min, and one millilitre of each suspension was transferred 
into Eppendorf tubes. Samples were dried in a SpeedVac concen-
trator without heating for 7.5 h. Subsequently, 100 mg of each
dried sample was weighed and extracted with precooled 80% (v/
v) methanol to a final concentration of 100 mg/mL. The Mixtures
were shaken in a Thermomixer at four degrees Celsius and
2 000 rpm for 10 min, followed by 30 min of ultrasonication at

move_f0005
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Fig. 1. Experimental timeline and study design. Schematic representation of the experimental design involving sixty two-month-old Duroc pigs (30 immunocastrated males 
and 30 females) assigned to control (n = 30) or stress (n = 30) treatments at the pen level (eight pigs per pen, balanced by sex). The stress treatment combined reduced space 
allowance (1 m2 vs 1.5 m 2) and repeated social mixing to induce chronic stress and increase social instability, whereas control animals remained under standard housing
conditions. Growth performance was monitored during the growing period. At seven months of age, hair and faecal samples were obtained for cortisol quantification, gut
microbiome characterisation (shotgun metagenomics), and untargeted faecal metabolomic analysis. Created in BioRender (https://BioRender.com/s92t971). Abbreviations: 
RP-HPLC-Q/TOF-MS/MS = untargeted reverse-phase liquid chromatography quadrupole time of flight mass spectrometry.
room temperature. Samples were then shaken again for 5 min 
under the same Thermomixer conditions and centrifuged at 
14 800 rpm for 15 min at four degrees Celsius. The supernatants
were collected and stored at –80 °C until Reverse-Phase Liquid
Chromatography Quadrupole Time Of Flight Mass Spectrometry
(RP-HPLC-Q/TOF-MS/MS) analysis.

A sample volume of two microlitres was injected (three 
technical replicates) into an HPLC model 1290 (Agilent Tech-
nologies, Germany). The chromatographic separation was per-
formed on Agilent Zorbax Eclipse Plus C18 analytical column 
(100 × 2.1 mm inner diameter; 1.8 lm particle size) equipped 
with an Agilent Zorbax C18 precolumn (5 × 2.1 mm inner diam-
eter, 1.8 lm particle size) with Milli-Q water (A) and acetoni-
trile (B) acidified by 0.1% (v/v) formic acid as the mobile 
phase at flow rate of 0.5 mL/min at 40 °C. The mobile phase gra-
dient started at 0 min with 0% (B), 0–30% (B) in 7 min, 30–80% 
(B) in 2 min, 80–100% (B) in 2 min, 100% (B) in 2 min, 100–0% 
(B) in 1 min, and 0% (B) in 3 min to come back to initial condi-
tions. Compounds were eluted into a Q/TOF series 6540 from 
Agilent Technologies (Germany), equipped with an Agilent Jet 
Stream thermal orthogonal ESI source. The mass spectrometer 
was operated in ESI positive mode using the following parame-
ters: capillary voltage, 3 000 V; mass range, 
25–1 100 m/z; nebulise pressure, 40 psig; drying gas flow rate, 
8 L/min; dry gas temperature, 300 °C. The sheath gas flow was
11 L/min at 350 °C. Method blanks and a pooled mixture of all
samples (20 lL of each) were included as quality control sam-
ples and were subjected to iterative MS/MS with a mass error
tolerance of 20 ppm and retention time exclusion tolerance of
± 0.2 min to increase the coverage of the MS/MS spectra
acquired. MS/MS spectra were acquired employing the auto
MS/MS mode using five precursors per cycle, dynamic exclusion
after two spectra (released after 0.5 min), and collision energies
of 20 and 40 V. Mass accuracy was corrected using ions at m/z
121.0509 (C5H4N4) and 922.0098 (C18H18O6N3P3F24) simul-
taneously pumped into the ion source.
4

MicrobeMASST 

To investigate the potential relationship between the faecal 
microbiome and discriminant metabolites, an in silico analysis 
was performed using MicrobeMASST v. 2025.03.25, a recent taxo-
nomically informed mass spectrometry search tool for microbial
metabolomics (Zuffa et al., 2024). MicrobeMASST databases pro-
vide metabolite annotations for untargeted metabolomics experi-
ments, based on a curated database of over 60 000 microbial
monocultures (Zuffa et al., 2024). Therefore, allowing users to 
compare experimental MS/MS spectra with reference microbial 
spectra to associate annotated metabolites with putative micro-
bial producers based on similarity in MS/MS fragmentation
patterns.
Untargeted metabolomics data processing and analysis

Data obtained from RP-HPLC-Q/TOF-MS/MS were converted to 
ABF format and processed by MS-DIAL software v. 4.9.221218
using the same parameters as those used by Valdés et al. (2022). 
All metabolites were annotated following the Metabolom ics Stan-
dard Initiative guidelines (Sumner et al., 2007) as level 2a (metabo-
lites with precursor m/z and MS/MS spectral library matching). The 
list of metabolites was filtered by removing unknown metabolites, 
metabolites with a maximum peak height less than three times the 
average height in the method blanks, and metabolites with a max-
imum height less than one thousand units. Missing values were
imputed by half of the minimum height value, the median of the
three technical replicates was calculated, and the data were pro-
cessed using the bioinformatic tool MS-FLO (https://msflo.fiehn-
lab.ucdavis.edu/). Duplicated metabolites and isotopes were 
removed, the heights of the different adducts from the same com-
pound were combined, and Systematic Error Removal using the
Random Forest normalisation method (Fan et al., 2019) was 
applied using the pool mixtures as reference samples.

https://msflo.fiehnlab.ucdavis.edu/
https://msflo.fiehnlab.ucdavis.edu/
http://BioRender
https://BioRender.com/s92t971
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Metabolite discriminant analysis

The resulting tentative metabolite profiles were transformed 
using the Additive Log-Ratio (ALR) transformation, as follows:

ALR j ref log xj 
xref 

log xj log xref

where the number of total ALR is j-1, j is the total number of tentative 
metabolites (n = 114), xref is the reference variable (C8H9NO4) with 
the lowest variance (0.0187) and the highest Procrustes correlation
score (0.997; Greenacre et al., 2021). Supplementary Table S2 sum-
marises these statistics for all 114 features. TheALR-transformeddata 
were auto-scaled, and PLS-DA was employed to select metabolites 
that optimally discriminated between control and stressed pigs
(Rohart et al., 2017). The optimal number of components was deter-
mined by selecting the lowest balance error rate forMahalanobis dis-
tance through 4-fold cross-validation, repeated one hundred times. 
Afterwards, only the tentatively identified metabolites with a VIP 
score > 1 were retained for a subsequent PLS-DA model. Ultimately, 
the classification performance of the final model (based on the
selectedvariables)wasvalidatedusingaconfusionmatrix,employing
4-fold cross-validation repeated 10 000 times, as previously
described by Casto-Rebollo et al. (2023). The metabolites retained in 
the final PLS-DA model were correlatedwith hair cortisol concentra-
tions, the abundance of discriminant MAGs and the abundance of 
genes selected by the procedure described in the following sections,
using Pearson’s correlation coefficient (P < 0.05).

Metabolomic predictions and microbiome-metabolites interactions

The discriminant metabolite profiles were predicted from 
microbial abundance using the machine learning method based
on Neural Ordinary Differential Equations (mNODE; Wang et al.,
2023a). This method incorporates neural ordinary differential 
equations in a multilayer perceptron neural network as a module 
in the middle-hidden space, between two fully connected layers.
In this way, the model uses relative microbial abundance as input
to predict discriminant metabolite profiles as output.

First, the entire dataset was split into training (80% records) and 
test (the remaining 20% records) datasets. The CLR transformation 
was then applied to the microbial abundance and metabolite 
tables. The mNODE was applied to the training set following a 5-
fold cross-validati on strategy to define the optimal hyperparame-
ters. Once optimised and retrained on the training set with the best
hyperparameters, the model was used to predict the CLR-
transformed metabolomic profiles of the test dataset. As proposed
by Wang et al. (2023a), the Spearman correlation coefficient (q) 
between the predicted and observed CLR-transformed metabolic
profile was used as the evaluation metric.

An additional concept implemented by the mNODE approach is 
the inference of microbe-metabolite production and consumption 
interactions, which was considered a measure of the susceptibility 
of the metabolite to the microbe abundance. This metric reflects 
the association between the abundance of a microbial trait (at 
the taxonomic or gene level) and a metabolite. The method applies
small perturbations in the microbial relative abundance, inferring
the response of metabolite abundance to these changes for each
metabolite-microbe pair. Particularly, the influence of specific spe-
cies on metabolite is measured as the perturbation of the relative
abundance of species by a small amount applying the 
trained mNODE to re-predict the concentration of metabolite
and then calculate the deviation from the original prediction

The susceptibility of metabolite to species is defined as:
where indicates the effect of species on 

metabolite If the value is negative, suggest that a higher

a 
i (xi) (Dxi) 

a 

a i (Dya . 
i sai Dya Dxi , sai 

a. 
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abundance for species leads to a lower predicted concentration 
for metabolite a and the metabolite is likely consumed by that spe-
cies. Similarly , if the value is positive, it indicates the possible pro-
duction of metabolite a by species For a more detailed 
description of the method, see Wang et al. (2023a). 

Metabolite prediction from different microbial abundance profiles

The previously described process was implemented to predict 
the eleven discriminant metabolites using four abundance tables 
derived from metagenomic data: (1) genus-level profile and (2) 
species-level profile, both obtained via a taxonomic reference-
based approach; and (3) MAGs abundance and (4) microbial gene 
profile (genes), obtained through a metagenome-assembly
approach. For microbial gene profile, due to the large number of
variables (310 192 genes), an exploratory analysis was performed
beforehand to identify the most informative microbial genes based
on their associations with experimental conditions (control vs
stress) as follows:

Frequency-based selection: Genes were selected based on the 
frequency differentiation comparing the control vs the stress 
groups of animals. The frequency of each gene was calculated for
the control and stress groups. Then, eleven genes with frequency
<10% in one group and >40% in the other were selected.

Feature-based selection with LASSO: LASSO (Tibshirani, 2011)  is  
a machine learning method that is used in regression analysis. 
LASSO regression overcomes issues such as multicollinearity and 
overfitting by applying restrictions on the absolute value of the 
solutions (L1 norm) and performing variable selection. LASSO aims 
to minimise the cost function by reducing the absolute values of
the coefficients; in this way, it performs automatic feature selec-
tion by discarding redundant features. The LASSO solution was
defined as the set of genes that optimise the following problem:

where is the phe-
notype of the ith individual; is the gene abundance of the ith 
individual at the jth gene; is the effect of the jth gene; 
is the l1-norm penalty on b, which promotes sparsity in the solu-
tion, while k ≥ 0 is the tuning hyperparameter. The LASSO model
was processed through a six-step analytical procedure as follows:

Gene functional annotation was employed to filter out genes 
with non-functional information, and 151 583 out of 310 192
microbial genes were retained (Supplementary Table S3). 

Before applying LASSO, the phenotypic trait corresponding to 
the treatment group was adjusted by ‘sex’, applying a logistic
regression (link = logit). The residual (adjusted phenotype) was
then used in LASSO regression.

Training and test datasets were created with an 80:20 split and 
using the same initialisation seed (42) as in the mNODE partitions 
to ensure identical sample assignment across methods. The LASSO
model was fitted in the training data set, applying the function ‘cv.
glment’ (Friedman et al., 2010) from the corresponding package in
R (R Core Team, 2021) to tune the k hyperparameter using the
cross-validation technique.

After estimating the optimal k value, the model was trained and 
optimised again with that value using the ‘glment R’ function.
Finally, only microbial genes with non-zero regression coefficients
were considered relevant and thus retained for further analyses.

Results 

Phenotypic, behavioural, and cortisol signatures of stress exposure

Phenotypic differences between experimental groups were 
extensively reported by Clavell-Sansalvador et al. (2024).
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Table 1 
Summary of mean phenotype, feeding behaviour, and hair cortisol differences between control (n = 30) and chronic social stress (n = 30) groups of pigs.

Experimental condition 

Trait Controla Stressb RE P-value 

Final BW (kg) 136 127 60.4 <0.0001 
Average daily gain (kg) 1.01 0.95 0.003 0.0001 
Feed conversion ratio (kg) 2.93 2.87 0.12 0.043 
Total number of visits to the feeder 719 589 17.58 <0.0001 
Hair cortisol [log(pg/mg)] 3.29 3.42 0.01 <0.0001 

Abbreviations: RE = Residual error.
a Mean values for the control group.
b Mean values for the stress group.
Compared with the control group, the stress group exhibited a 
decrease in BW, average daily gain, and a marginal difference in
feed efficiency (Table 1). Variations in feeding behaviour were 
noted, with pigs from the stress group visiting the feeder less fre-
quently but spending more time per meal than the control pigs.
Notably, cortisol concentrations in hair differed significantly across
experimental conditions, with higher levels in the stress group
than in the control group (Table 1). 

Chronic social stress drives taxonomic and functional remodelling of
the pig gut microbiome

Shotgun metagenomics yielded an average of 34 million paired-
end reads per sample (SD = 8.1 × 106 reads). After quality control, 
the taxonomic-based approach quantified the abundance of 513 
genera and 1 316 prokaryotic species. Meanwhile, the MAG-
based analysis produced 1 087 refined bins, which were derepli-
cated to remove redundant genomes, yielding 168 MAGs repre-
senting 157 species at a 95% ANI threshold (Supplementary 
Table S4). Based on MIMAG standards (Bowers et al., 2017), 
46.87% (75 MAGs) were of high quality, representing near-
complete genomes (completeness > 90% and contamination < 5%).

Discriminant analysis revealed that the abundance of 16 MAGs 
distinguished between experimental conditions with an overall
accuracy of 76.39% (Fig. 2A). Half of these MAGs contributed to 
the classification of the control condition, notably including Limosi-
Fig. 2. Faecal sample distribution plots based on PLS-DA of metagenomic, metabolomi
transformed MAG abundance. (B) PLS-DA of ALR-transformed metabolite abundance. (C)
selected microbial genes by differential frequency between conditions and by the L
discriminant analysis; CLR = centred log-ratio; MAG = metagenome-assembled genomes;
variance.
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lactobacillus sp002299975 and Butyrivibrio_A sp016297265. The 
other were discriminative of the stress group, with genera such
as Treponema, Catenibacterium, and Bulleidia contributing the most
(Table 2). 

Gene inferences resulted in a total of 310 192 microbial genes. 
The functional classification provided by DRAM revealed that 
48.86% of these genes (151 583) had at least one match against
the KOfam, Pfam, or CAZy databases (Supplementary Table S3). 
To identify microbial functional markers associated with experi-
mental conditions and to reduce feature redundancy , gene-level
selection was performed. This approach yielded 64 representative
genes (Supplementary Table S5), including eleven genes displaying 
divergent frequencies between control and stressed pigs and 53 
additional genes selected through LASSO regularisation. The result-
ing gene subset, therefore, captured both experimentally respon-
sive functions and genes with high predictive relevance for group
discrimination.

The genus most strongly associated with the control group was 
Ligilactobacillus. Within this group, the most prevalent genes 
included a DNA methyltransferase (K00558) and a CRISPR-
associated endonuclease (K07012), both of which are involved in 
genome protection and regulation. In contrast, genes linked to
the stress group were predominantly identified in Escherichia, Tre-
ponema, Blautia, Bulleidia, and Fimousia. To be noted, a gene encod-
ing a Rho-binding antiterminator (K19000) identified in Escherichia
and Treponema (Supplementary Table S6) was highly abundant in
c and integrative data from control and stress groups of pigs. (A) PLS-DA of CLR-
 PLS-DA after integrating the abundances of eleven discriminant metabolites and 64 
ASSO machine learning method. Abbreviations: PLS-DA = partial least squares-
ALR = additive log-ratio; Acc = accuracy; Comp = component; expl. var. = explained

move_f0010
move_t0010


R. Río-López, I.-T. Vourlaki, A. Clavell-Sansalvador et al. Animal 20 (2026) 101823

Table 2 
Condition association and loading values of the discriminant Metagenome Assembled 
Genomes (MAGs) resulting from Partial Least Squares Discriminant Analysis (PLS-DA) 
using MAG faecal abundance from control and chronic social stress groups of pigs.
Features were selected according to a Variable Importance in Projection (VIP) score > 1
from the PLS-DA model.

Code Bin Taxonomy Loading value1 Condition 

bin.989 Treponema_D sp018385415 0.44810 Stress 
bin.1644 Treponema_D sp016293915 0.40803 Stress 
bin.474 Catenibacterium mitsuokai 0.32005 Stress 
bin.667 Bulleidia sp900539965 0.25403 Stress 
bin.1858 Treponema_D sp016294035 0.25068 Stress 
bin.2112 Escherichia coli 0.24362 Stress 
bin.2836 UBA2868 sp004552595 0.12600 Stress 
bin.171 Prevotella sp004555245 0.08595 Stress 
bin.1328 Treponema_D sp018385395 −0.04747 Control 
bin.370 Treponema_D sp016293645 −0.10849 Control 
bin.976 Limimorpha sp900769945 −0.18245 Control 
bin.2627 CAG-964 sp902789345 −0.20109 Control 
bin.282 Methanosphaera sp022768985 −0.20565 Control 
bin.2612 Butyrivibrio_A sp016297265 −0.23054 Control 
bin.1187 F23-B02 sp004556755 −0.23879 Control 
bin.2285 Limosilactobacillus sp002299975 −0.28299 Control 

1 Loading values represent the contribution (weight) of each MAG to the latent 
components that maximise the separation between the sample groups in the PLS-
DA.
pigs under the stress condition, suggesting altered transcriptional
regulation.

Among the genes selected by LASSO, Blautia contributed genes 
involved in catabolic processes, such as beta-galactosidase 
(K12308) and gamma-glutamylcyclotransferase (K00682)—as well 
as in bacterial signalling, including a sensor histidine kinase 
(K07718). Additional stress-associated functions included oxida-
tive stress defence enzymes, notably a thioredoxin-dependent per-
oxiredoxin (K03564) identified in Bulleidia, along with multiple 
transcriptional regulators and two-comp onent sensory systems,
indicating enhanced microbial responsiveness to environmental
stress. Genes involved in horizontal gene transfer and genome
plasticity, such as integrases, transposases, reverse transcriptase,
and phage-related recombination proteins, were also relevant.
Altogether, we suggest functional shifts that support microbial sur-
vival and metabolic flexibility under stress conditions.

Faecal metabolic fingerprint of chronic stress

Through rigorous analysis of the reverse-phase liquid 
chromatography–quadrupole time-of-flight mass spectrometry 
spectra and extensive database searching (see Methods), 26 195 
peaks were detected, of which 426 had corresponding MS/MS 
spectra. After filtering, 114 tentative metabolites with a total anno-
tation score ≥ 70% were successfully identified and retained for
further analysis. Notably, a biological replicate was included as
an external quality control, showing a Pearson’s correlation coeffi-
cient of 0.98, thereby indicating a high degree of similarity and
strong technical reproducibility (see Supplementary Figure S1). 

Metabolite-based discriminant analysis reveals gut-brain axis-related
biomarkers

PLS-DA showed that, based on VIP scores, 11 of the 114 metabo-
lites could discriminate the stress group from the control, with an
accuracy of 79.72%, sensitivity of 78.48%, and specificity of 80.96%
(Fig. 2B). Among them, four tentative metabolites, serotonin, sinap-
ine, elaidic acid, and 2-acetamidophenol (AAP), were distinctive 
indicators of the control group, while the other seven were indica-
tors of the stress group (Table 3).
7

Statistical associations between metabolites, hair cortisol levels, 
and the abundance of selected microbial genes were also explored. 
A significant correlation (p < 0.05) was observed between two of 
the eleven metabolites and the hair cortisol levels. This included 
a positive correlation with the putative indicator of stress n-
octadecylamine (r = 0.37, p = 5.25 × 10−3) and a negative correla-
tion with the neurotransmitter serotonin (r = −0.32, p = 0.01;
Fig. 3).

Microbiome–metabolite interaction networks indicate adaptive 
metabolic regulation under stress

Correlation analyses further explore associations between dis-
criminant metabolites and microbial taxa. Positive correlations 
were also observed between the control-discriminant metabolite
AAP and several butyrate-producing genera (Fig. 4), including Rose-
buria (r = 0.24), Butyrivibrio (r = 0.28), Coprococcus (r = 0.20), and 
Anaerobutyricum (r = 0.18), as well as with lesser-documented taxa, 
such as PeH17 (r = 0.45) and Sodaliphilus (r = 0.36). Conversely, the 
stress-discriminant metabolite N-a-acetyl-L-lysine showed unex-
pected positive correlations with Lactobacillus (r = 0.56) and Limosi-
lactobacillus (r = 0.42). To further investigate the microbial origin of
these metabolites, in silico exploratory analyses were conducted
using the MicrobeMASST database. Nine of the eleven discriminant
metabolites had matches in MicrobeMASST (Supplementary 
Table S7). In particular, the mass spectrum of AAP matched 
metabolites detected in Bifidobacterium longum isolates and other
prevalent intestinal species, including Enterococcus faecalis.

At the gene level, microbial genes that exhibited a positive asso-
ciation with the abundance of the stress-discriminant metabolite 
xanthosi ne consistently belonged to stress-associated species,
including Prevotella pectinovora, Blautia sp., and Holdemanella porci
(Supplementary Table S8, Fig. 4). By contrast, genes exhibiting a 
negative links with xanthosine were identified in commensal or 
health-associated species, including Limimorpha sp., Butyrivibrio
sp., Ruminococcus flavefaciens, Anaerobutyricum hallii, and Clostrid-
ium sp (Supplementary Table S8, Fig. 4), and interestingly, they 
were positively associated with AAP (Supplementary Table S9). 
These genes were mainly annotated as transposases and ribosomal
subunits.

Finally, focusing on control indicators, to disentangle potential 
gene-to-gene interactions in serotonin metabolism, abundance 
associations between selected microbial genes and genes involved 
in serotonin-related pathways were examined. The genome of Pre-
votella carried the threonine aldolase gene (K01620) selected by 
LASSO, which showed a positive association with the Fimousia 
and Treponema genes 3-deoxy-7-phosphoheptulonate synthase 
(r = 0.96; r = 0.91) and tryptophan synthase alpha chain (r = 0.94; 
r = 0.89), both of which are commonly linked to serotonin abun-
dance. Likewise, the large subunit ribosomal protein L23 gene
(K02892), also selected by LASSO, found in the genome of
Ruminococcus, was positive and strongly correlated with the trypto-
phan synthase a-chain (r = 0.94), tryptophanase (r = 0.97), and 3-
deoxy-7-phosphoheptulonate (DAHP) synthase (r = 0.97) genes of
Escherichia.

Microbiome-metabolome integrative analyses enhance chronic stress
detection in pigs

A final PLS-DA model was performed by integrating microbiome 
data from the 64 selected genes with the abundance profiles of the 
11 discriminant metabolites. For comparison, discriminant analy-
sis using only the 64 selected genes achieved an accuracy of 87%
(Supplementary Figure S2). The integrative approach combining 
microbial gene and metabolite information substantially improved
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Table 3 
Description of the eleven tentatively identified metabolites discriminating stress and control pigs based on untargeted reverse-phase liquid chromatography quadrupole time of 
flight mass spectrometry (RP-HPLC-Q/TOF-MS/MS) metabolomics and the subsequent Partial Least Squares Discriminant Analysis (PLS-DA) analysis. Features were selected 
according to a Variable Importance in Projection (VIP) score > 1 from the PLS-DA model. Metabolites were annotated following the Metabolomics Standards Initiative guidelines at
level 2a, based on accurate precursor m/z and MS/MS spectral library matching using MS-DIAL software v. 4.9.221218. The table reports the compound name, molecular formula,
observed mass-to-charge ratio (m/z), detected adducts (positive ionisation mode), chromatographic retention time (Rt, min), PLS-DA loading values and the associated condition.

Compound name Molecular formula m/z Adduct1 Rt (min) Loading value2 Condition 

Serotonin C10 H12N2O 177.1023 [M+H]+ 2.232 0.3892 Control 
Sinapine C16H24NO5 251.0920; 207.0658; 

179.0709; 147.0438; 119.0487
[Cat-C3H9N]+ ; 
[Cat-C5H13NO]+ ; 
[Cat-C6H13NO2]+ ; 
[Cat-C7H17NO3]+ ; 
[Cat-C 8H17NO4]+

4.210 0.3575 Control 

2-acetamidophenol C8H9NO2 152.0707; 110.0606 [M+H]+ ; 
[M+H-C2H2 O]+

3.362 0.2571 Control 

Elaidic acid C18H34O2 283.2647 [M+H]+ 10.089 0.1288 Control 
Uracil C4H4N2O2 113.0373 [M+H]+ 0.819 −0.1814 Stress 
Xanthosine C10H12N4O6 153.0389 [M+H-C5H8O4]+ 2.089 −0.2443 Stress 
Thymine C5H6N2O2 127.0404 [M+H]+ 1.569 −0.2475 Stress 
N-a-acetyl-L-lysine C8H16N2O3 189.1232 [M+H]+ 0.605 −0.2594 Stress 
6-(6-aminohexanamido) 

hexanoic acid
C12H24N2O3 245.186 [M+H]+ 2.661 −0.2843 Stress 

L-b-homolysine C7H16N2O2 144.1029 [M+H-NH3]+ 0.942 −0.3065 Stress 
n-octadecylamine C18H39N 270.3159 [M+H]+ 9.891 −0.4921 Stress 

Abbreviations: m/z = Mass-to-charge ratio; Rt = Retention time; PLS-DA = partial least squares discriminant analysis.
1 Protonated molecules are represented as [M+H]+ .
2 Loading values represent the contribution (weight) of each metabolite to the latent components that maximise the separation between the sample groups in the PLS-DA.
discrimination between experimental groups, increasing classifica-
tion accuracy from 79.72% (metabolites alone) and 87% (microbial
genes alone) to 91.06%, with sensitivity and specificity reaching
Fig. 3. Correlation patterns of hair cortisol levels with the abundance of two major 
condition-discriminant metabolites (stress vs control) in pigs. The scatter plot 
reveals correlations between hair cortisol concentrations and the selected metabo-
lites by PLS-DA (VIP > 1): (A) stress-discriminant n-octadecylamine and (B) control-
discriminant serotonin. Pearson’s correlation coefficients (r) and associated p-
values are shown. A significant positive correlation was observed for n-octadecy-
lamine (r = 0.37, p = 5.25 × 10−3), whereas serotonin showed a significant negative
correlation (r = −0.32, p = 0.01). Abbreviations: PLS-DA = partial least squares-
discriminant analysis; VIP = variable importance in projection.
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90.25% and 91.87%, respectively. This is illustrated by the PLS-DA 
sample distribution plots, where condition-specific functional pro-
files (Fig. 2C) separate samples more clearly than taxonomic shifts
(Fig. 2A). 

Microbial gene resolution improves prediction of the neurotransmitter
serotonin

Microbiome-metabolite interactions were predicted using 
four complementary layers of microbial information, ranging
from genus to gene repertoire. Fig. 5 displays the accuracy 
of the prediction of the eleven discriminant metabolites using 
microbial information. Prediction performance varied with 
the level of microbial resolution employed. At the genus level, 
correlations between observed and predicted metabolite 
levels ranged from 0.05 to 0.91 (mean r = 0.69). In this case, 
serotonin showed the lowest prediction accuracy (r = 0.05),
whereas AAP (r = 0.90) and elaidic acid (r = 0.91) were the
best-predicted metabolites. These two compounds consis-
tently exhibited the highest predictive accuracy across all
four metagenomic profiles (Fig. 5). Species-level predictions 
followed a similar trend but showed lower overall perfor-
mance (mean r = 0.47), mainly due to reduced prediction 
accuracy for six of the eleven metabolites, while the remain-
ing five showed comparable performance to genus-level
predictions.

Predictions based on MAG abundance yielded correlations 
ranging from 0.18 to 0.86 (mean r = 0.43), impr oving the predic-
tion accuracy of serotonin and uracil (Fig. 5) but decreasing the 
prediction values for L-b-homolysine, Na-acetyl-L-lysine, and 
xanthosine. At the functional level, predictions based on the 
abundance of the 64 selected microbial genes reported from 
null to high (r = 0.79) prediction ability (mean r = 0.51). Even 
though other metabo lites were not better predicted by micro-
bial gene profiles, an improvement was observed in the case
of serotonin (r = 0.74), L-b-homolysine (r = 0.51) and xanthosine
(r = 0.65; Fig. 5). These results suggest that microbial gene pro-
files may better capture metabolic interactions involving these
compounds, particularly the control-discriminant neurotrans-
mitter serotonin.
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Fig. 4. Summary of the mNODE and the correlation analyses results reflecting the patterns of the pig gut microbiome and metabolite biomarkers under control and stress 
conditions. In the control group (left panel), microbial taxa in green (P and C) potentially promote higher levels of beneficial metabolites, including serotonin, sinapine, and 
AAP, contributing to homeostasis. The potential consumption of sinapine, which also possesses antioxidant properties, by some bacteria (S), in yellow (e.g. Bifidobacterium), 
could produce choline, while AAP has anti-inflammatory effects, and serotonin acts as a neurotransmitter, supporting gut-brain communication. In the stressed group (right 
panel), increased levels of pyrimidine bases such as uracil and thymine were observed, which are reported to potentially trigger the activation of the enterocyte DUOX.
Furthermore, the gene abundance (G) of Blautia, Holdemanella, and Prevotella correlates positively with increased xanthosine levels, while the gene abundance of
Anaerobutyricum, Butyrivibrio, Limimorpha, Ruminococcus, and Clostridium correlates negatively. Scientific literature associates these metabolites with the generation of ROS,
the induction of oxidative stress and the subsequent inflammation in the gut. Additionally, uracil may activate quorum sensing, biofilm formation, and virulence factors,
exacerbating gut dysbiosis and promoting inflammatory responses. Created in BioRender (https://BioRender.com/l29x60). Abbreviations: mNODE = machine learning method 
based on neural ordinary differential equations; P = predicted positive associations by the mNODE method; C = positive Pearson’s correlations based on genus abundance;
AAP = 2-acetamidophenol; S = negative susceptibility mNODE association; DUOX = dual oxidase; G = positive Pearson’s correlations based on microbial gene abundance;
ROS = reactive oxygen species.
Susceptibility modelling based on neural ordinary differential 
equations reveals microbial contributions to gut metabolic dynamics

mNODE susceptibility analysis revealed distinct interaction 
patterns among key metabolites under control and stress condi-
9

tions. Notably, MAGs with predicted positive susceptibility to 
serotonin, such as Gemmiger (r = 0.25) and Eubacterium Q
(r = 0.11; Fig. 4), carried the gene encoding tryptophan synthase 
subunit A, which participates with tryptophan synthase subunit

http://BioRender
https://BioRender.com/l29x60
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Fig. 5. Metabolite prediction from pig faecal samples using the metabolomic profile predictor based on mNODE. The figure displays the correlation between predicted and 
observed abundances of the eleven discriminant metabolites identified by PLS-DA, as obtained from the mNODE model trained on microbial profiles at four taxonomic and 
functional levels. Microbial abundance tables derived from metagenomic data included species (n = 1 316), genus (n = 513), gene (n = 64), and MAG (n = 168) levels. For the
microbial gene profiles, due to the large number of variables (310 192 genes), frequency-based filtering and LASSO feature selection were applied before modelling.
Abbreviations: mNODE = machine learning method based on neural ordinary differential equations; PLS-DA = partial least squares-discriminant analysis;
MAG = metagenome-assembled genome.
B in the tryptophan synthase complex to convert indole and 
serine to tryptophan, a precursor for serotonin. In contrast, at 
the gene l evel, serotonin and xanthosine, a stress-
discriminant metabolite, exhibited an opposing pattern of
microbial susceptibility (Fig. 6), supporting the existence of 
divergent microbiome-metabolite interaction networks
between control and stress conditions.

In addition, subtle negative susceptibility values, suggesting 
potential aggregated contribution to sinapine consumption, were 
also observed for several bacterial species, including Bifidobac-
terium thermacidophilum (r = −0.02), R. flavefaciens (r = −0.02),
Bifidobacterium boum (r = −0.03), Alloprevotella sp. (r = −0.02),
and Treponema sp (r = −0.03; Fig. 4). Conversely, mNODE predic-
tions also showed positive but weak associations of sinapine with 
Gemmiger qucibialis (r = 0.03), Bacteroides_F sp. (r = 0.03), Strepto-
10
coccus faecavium (r = 0.03), Streptococcus hyointestinalis (r = 0.03),
and Alloprevotella sp (r = 0.02).

Similarly, the mNODE model at both MAG and genus levels 
identified weak but consistent associations between elaidic acid, 
a trans isomer of oleic acid and a common dietary trans-fatty acid, 
and specific microbial taxa. Positive predictions were observed 
with Eubacterium (r = 0.05 at both levels), whereas negative asso-
ciations were detected with Bruticola (r = −0.06; r = −0.07), Akker-
mansia (r = −0.15; r = −0.06), and Fimousia (r = −0.06; r = −0.04).
Although individual susceptibility values were modest, elaidic
acid, together with AAP, appears to be a reliable control-group
indicator, reflecting coordinated contributions from multiple
microbial taxa. This is further supported by its consistently high
predictive accuracy across microbiome datasets, decreasing from
the genus level (r = 0.91) to the gene level (r = 0.79; Fig. 5).
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Fig. 6. Gene-level susceptibility heatmap of the eleven tentatively identified discriminant metabolites in pigs based on mNODE. Rows represent metabolites and columns 
represent microbial genes annotated with their corresponding taxonomy. Positive susceptibility values (>0) are shown in red, suggesting potential production of the 
metabolite or direct or indirect involvement in its anabolism, whereas negative values (<0) are shown in blue, indicating potential consumption or inhibition of metabolite
production. Opposing susceptibility patterns are observed for metabolites such as serotonin and xanthosine, supporting their roles as indicators of control and stress
conditions, respectively. Abbreviations: mNODE = machine learning method based on neural ordinary differential equations.
Discussion 

This study integrated shotgun metagenomics with untargeted 
faecal metabolomics in a porcine model of prolonged social stress. 
Stress induced notable shifts in the faecal metabolome and gut
microbiome composition. These changes, along with differences
in hair cortisol and previously reported alterations in performance
and microbiota (Clavell-Sansalvador et al., 2024), highlight the pro-
found impact of prolonged stress on both host physiology and the 
gut microbial ecosystem. Our approach further enables the explo-
ration of microbiome-metabolite interactions as potential non-
invasive biomarkers of stress.

We further evaluated how precisely the eleven discriminative 
metabolites could be predicted from metagenomic data at different
microbial resolutions. In agreement with the original mNODE
study (Wang et al., 2023a), prediction accuracy varied by metabo-
lite. Incorporating microbial genes associated with the experimen-
tal conditions improved discrimination, showing that functional 
profiles provide complementary mechanistic insight. From an 
applied perspective, this approach supports the development of a 
reduced biomarker panel, measurable via targeted methods like
qPCR or metabolomic quantification, reducing the need for full
metagenomic and metabolomic profiling. This strategy lowers
costs, computational demand, and processing time, enabling scal-
able stress monitoring in livestock.

Control-discriminant metabolites, such as AAP, exhibited a pos-
itive trend in compound bioactivity. Even though its biosynthesis is
not yet fully understood, AAP, known for its anti-inflammatory
11
(Siddiqui et al., 2019) and anti-arthritic (Perveen et al., 2014; Gul
et al., 2017) properties, has been reported to be naturally produced 
by bacteria with broad secondary metabolism (Guo et al., 2020). Its 
abundance correlated with butyrate-producing genera like Copro-
coccus and Anaerobutyr icum, previously identified as indicators of
healthy pigs (Clavell-Sansalvador et al., 2024). This supports AAP 
as a marker of favourable gut conditions, further strengthened by 
its high predictability from metagenomic profiles. This highlights 
its potential as a practical indicator of porcine welfare and gut 
health. Faecal serotonin levels were also associated with non- or
low-stress conditions. Serotonin is a key signalling molecule that
regulates mood, cognition, circadian rhythms, and digestive func-
tion (Kaczmarek et al., 2017; Jiang et al., 2024). Althoughmore than 
90% of serotonin is produced by enterochromaffin cells (Xie et al.,
2020), the gut microbiota— especiall y spore-forming bacteria
(Yano et al., 2015)—modulate its activity through short-chain fatty 
acids and bile-acid signalling (Martin et al., 2017). Furthermore, 
bacterial biosynthesis of serotonin has been confirmed across sev-
eral genera, including Escherichia , Enterococcus, Bacillus, Lactobacil-
lus, Ligilactobacillus and Limosilactobacillus (Strandwitz, 2018; 
Wang et al., 2023b; Moretti et al., 2025), with Lactobacillus particu-
larly linked to gut serotonin in pigs (Liu et al., 2023). Microbial 
gene-based profiling better predicted serotonin abundance, and 
MAGswith predicted positive susceptibility for this metabolite har-
boured key enzymes for involving serotonin precursors, underscor-
ing the importance of species carrying relevant biosynthetic genes.

Intriguingly, gene-level correlations revealed strong links 
between genes from different species not directly involved in sero-
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tonin metabolism, such as the ribosomal protein L23 in Ruminococ-
cus and the threonine aldolase in Prevotella. Interactions between 
these genes and tryptophan metabolism-related genes of Escheri-
chia, Fimousia and Treponema may enable these bacteria to adjust 
their ribosomal machinery in response to increased levels of sero-
tonin precursors. This suggests an indirect role in serotonin anabo-
lism, likely mediated by threonine-to-glycine metabolism, with 
glycine acting as an inhibitory neurotransmitter complementing 
serotonin’s effects. Although host-derived serotonin predominates, 
these interspecific interactions may contribute to the coordinated
regulation of amino acid metabolism, thereby influencing sero-
tonin gut levels and its downstream effects on gut-brain communi-
cation. Importantly, all pigs received comparable dietary
tryptophan (0.30–0.43%), indicating that faecal serotonin differ-
ences likely reflect management-induced stress rather than diet.
Consistently, discriminant analysis identified serotonin, whether
produced by the host or bacteria, as a control-associated metabo-
lite. Future studies using metaproteomics or microbial gene
expression could clarify the microbiota’s contribution.

Similarly, although both experimental groups were fed the 
same standard diet, sinapine, a major phenolic component of Bras-
sicaceae seeds (Mittasch et al., 2010) was identified as a non- or 
low-stress indicator. Like AAP, sinapine exhibits anti-
inflammatory (Liu et al., 2020) and antioxidant (Li et al., 2022) 
properties and can influence host metabolism via choline-derived
trimethylamine N-oxide (Chen et al., 2019). In mice, sinapine 
administration reduces non-alcoholic fatty liver disease progres-
sion by modulating the gut microbiota (Li et al., 2019), decreasing 
the Firmicutes/Bacteroidetes ratios and increasing the abundance 
of beneficial probiotics like Lactobacillus and Bifidobacterium. 
Moreover, they reported negative associations of this metabolite
with Erysipelotrichaceae, which in turn are indicators of social
stress in pigs (Clavell-Sansalvador et al., 2024). Sinapine-
degrading bacteria have been identified within the intestinal
microbiota of laying hens (Yu et al., 2016), but natural microbial 
producers have not been described. While AAP was consistently 
predicted across all levels and its microbial origin is well-
supported in the literature, evidence for sinapine is weak. There-
fore, rather than being considered a microbial metabolite, we pro-
pose that future studies investigate sinapine’s potential role as a
prebiotic.

Xanthosine, thymine, uracil, n-octadecylamine, and N-a-acetyl-
L-lysine were identified as stress-associated faecal metabolites. 
Xanthosine, a purine derivative, contributes to reactive oxygen
species generation through xanthine and uric acid metabolism
(Bortolotti et al., 2021). Reactive oxygen species play essential roles 
as signalling molecules and in immune defence, but their excessive 
accumulation can lead to tissue damage and organ dysfunction and
contribute to tumour development (Yang and Lian, 2020; Cheung
and Vousden, 2022). In line with our previous research (Clavell-
Sansalvador et al., 2024), genes linked to high xanthosine abun-
dance were found in stress-associated species like D. longicatena 
and H. porci, whereas beneficial species, such as Butyrivibrio sp., 
R. flavefaciens or A. hallii were negatively associated. Supporting
this, reductions in xanthine, followed by increases in indoles and
serotonin, have been reported in responders with major depressive
disorder compared to non-responders treated with citalopram
(Bhattacharyya et al., 2019). In this study, serotonin and xan-
thosine showed opposing roles as metabolomic indicators, with 
stronger predictions at the gene level but divergent microbial sus-
ceptibility patterns at that resolution. This is intriguing and may 
also suggest that genes with high predictive value for xanthosine
could have an inverse metabolic relationship and indirectly influ-
ence faecal serotonin levels. A similar trend was observed for
AAP, as genes negatively associated with xanthosine, mainly
12
transposases and ribosomal subunits, showed positive associations
with this metabolite.

Among the stress indicators, the pyrimidine bases thymine and 
uracil, along with elevated xanthosine levels, may contribute to gut 
inflammation through increased reactive oxygen species potential
and their involvement in bacterial quorum-sensing, biofilm forma-
tion, and virulence regulation (Ueda et al., 2009). Quorum-sensing 
pathways are vital for bacterial communication and the coordina-
tion of virulence factor expression, potentially escalating 
pathogenicity under stress conditions. Uracil, produced by patho-
genic bacteria, can act as a ligand to initiate cascade-like signalling
in enterocytes that activates host dual oxidase to produce reactive
oxygen species (Lee et al., 2013, 2015, 2018; Ha et al., 2009). Kim 
et al. (2020) showed that pathogens produce uracil and ribose from 
gut-luminal uridine, triggering host defences, interbacterial com-
munication, and pathogenesis in Drosophila. Genes mediating 
nucleotide metabolism, more common in pathogens than in com-
mensal bacteria, modulate these processes, including Rho-
depende nt transcription termination (K19000), which varied sig-
nificantly between stressed and control pigs in genomes of the
opportunistic Treponema, a genus recently reported as a stress indi-
cator in growing pigs (Clavell-Sansalvador et al., 2024; Nguyen
et al., 2023). 

Interestingly, n-octadecylamine was positively correlated with 
hair cortisol, though its role in stress responses and cortisol regu-
lation remains unclear and requires further investigation. N-a-
acetyl-L-lysine, an acetylated lysine derivative that primarily arises 
from post-translational protein modification, also indicated stress.
Surprisingly, it was positively correlated with the health-
associated genera Lactobacillus and Limosilactobacillus, in line with
previous reports (Peng et al., 2023). Lysine acetylation can influ-
ence the biological functions of lysine residues within proteins, 
altering processes such as gene regulation or protein interaction
(Christensen et al., 2019; Hao et al., 2024). As an essential limiting 
amino acid in human and pig diets, long-term lysine restriction 
affects cell proliferation, metabolism, and potentially gut micro-
biota and AMPK signalling (Yin et al., 2018). 

Based on our findings, we propose that monitoring xanthosine, 
thymine, uracil, n-octadecylamine, and N-a-acetyl-L-lysine levels 
could provide valuable insights into the stress status and its effects 
on porcine gut health. However, it should be noted that the predic-
tion reliability for some of them, such as thymine abundance, was 
consistently moderate across all employed microbial levels. This 
outcome was not unexpected, given that thymine is a ubiquitous 
pyrimidine base. Its widespread presence may contribute to the
lower predictability of its abundance based on the metagenomic
profile alone, as it is not uniquely associated with specific taxa or
conditions. In contrast, uracil abundance demonstrated higher pre-
dictive accuracy. This increased reliability may be attributable to
uracil’s more specific role and its association with bacterial pro-
cesses, such as quorum-sensing and stress response mechanisms,
which may be less widely distributed than those involving
thymine.

As previously mentioned, not all metabolites were predicted 
with equal accuracy. Aside from AAP and elaidic acid, there was 
no single, high-precision source of information for accurate predic-
tion across all microbial levels. This observation underscores the
need to interpret metabolomic predictions derived from partial
metagenomic information carefully. Moreover, as noted by Wang 
et al. (2023a), the accuracy of mNODE predictions can be impacted 
in metabolites when production interactions overlap with con-
sumption at the microbiome level (i.e., the same taxa produce 
and consume a target metabolite). Similarly, it is plausible that
metabolites originating solely from microbial metabolism can be
more accurately predicted based on microbial composition than
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molecules derived from host or dietary metabolism. This is because 
microbial metabolites may have a more direct and consistent rela-
tionship with specific microbial taxa. However, distinguishing 
microbial metabolites from those of host or dietary origin is chal-
lenging because of the complex interplay and overlap among these 
metabolic pathways. Consequently, further research is essential to
better disentangle these sources and understand their specific con-
tributions. Remarkably, predictions based on MAGs did not neces-
sarily achieve higher accuracy than genus- or species-based
profiles. Similar results have recently been reported in metabolo-
mic prediction from metagenomes (Majzoub et al., 2024). This 
may reflect the limited species coverage in MAG collections com-
pared to the broader diversity captured by taxonomic profiling. 
Therefore, combining metagenom ic and taxonomic approaches
offers complementary strengths with lower computational
requirements, making it suitable for shallow shotgun sequencing
experiments.

Despite these constraints, our study offers new insights into 
microbiome-metabolite interactions under prolonged social stress, 
contributing to a deeper understanding of how stress influences 
microbial ecosystems and their metabolic outputs. This includes 
the prediction of relevant metabolites from metagenomic data 
and the identification of putative non-invasive faecal biomarkers 
of welfare. Our comprehensive approach highlights the utility of 
the porcine model in bridging the gap between microbial ecology
and host metabolic responses to stress. The notable parallels
between our results and reported alterations in the human meta-
bolome and gut microbiome under stress further support their
translational value for gut-brain axis research. Future studies
should explore multiple pig breeds, different stressors, and longi-
tudinal sampling to validate these microbial shifts and refine bio-
marker identification.
Conclusions 

This study highlights the effectiveness of integrating metage-
nomic and untargeted metabolomic data to identify candidate 
non-invasive biomarkers of welfare and prolonged stress-related 
conditions in pigs. Combining discriminant metabolites and micro-
bial genes significantly improved the sample discriminant accu-
racy, revealing distinct microbial and metabolic shifts between 
the control and stressed groups. The study identified serotonin 
and anti-inflammatory metabolites, such as AAP and sinapine, as 
indicators of the control group, whereas xanthosine, pyrimidine 
bases, n-octadecylamine and stress-related microbial genes were
identified as stress indicators. Additionally, the integrative
approach employed in this study provides new insights into puta-
tive interspecific interactions modulating microbiome-metabolite
signatures of prolonged stress. These findings underscore the value
of the porcine model in advancing our understanding of the
microbiome-gut-brain axis and hold promise for enhancing both
animal welfare and human health interventions.
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