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Abstract

Heat stress affects livestock productivity and health, particularly in rabbits, due to their physiological vulnerabilities. This study explores the
relationship between environmental conditions, genetic lines backgrounds, and soft fecal microbiota. A 2 x 2 factorial design was used, involv-
ing 2 maternal rabbit lines: A (standard longevity line) and LP (high longevity line), exposed to heat stress and thermal comfort. Samples were
analyzed with multiple models to assess the impact of heat stress on microbiota by comparing microbial diversity and evaluating the classifi-
cation performance of Random Forest, Partial Least Squares Discriminant Analysis (PLS-DA), and Bayesian Regression (BayesC). Heat stress
influenced microbial diversity in both lines, increasing alpha diversity and driving significant beta-diversity shifts (2.3% variance, P < 0.001).
This could be due to intestinal barrier disruption, which facilitate pathogen proliferation. The high longevity line LP exhibited higher richness
under thermal comfort, whereas heat stress equalized these differences between lines, possibly due to increased pathogen proliferation in the
low longevity line A. These differences in response to heat stress may be influenced by the crosstalk between microbiota and host genetics,
shaping distinct adaptive mechanisms in each line. Prediction accuracy and key selected variables distinguishing between lines A and LP varied
across thermal conditions, with the area under the curve exceeding 0.92 under heat stress and 0.87 in thermal comfort. This reflects different
microbiome regulations between the 2 lines under heat stress. Potential stress-associated taxa such as Erysipelatoclostridium and Monoglobus
were more abundant in the low longevity line A. These results highlight LP’s higher longevity and expected resilience, while line As susceptibility
is reflected in a higher abundance of heat stress-associated taxa in the latter. This underscores soft fecal microbiota as a potential biomarker
for heat stress resilience and emphasizes the role of host-microbiota interactions in mediating genetic-environmental responses. Additionally,
this study highlights the value of combining modeling approaches, which enhance accuracy and reveal key taxa driving heat stress responses.
Among the models tested, PLS-DA achieved the highest accuracy, while Random Forest identified a smaller yet biologically relevant subset of
taxa, providing valuable phylogenetic and taxonomic insights.

Lay Summary

This study highlights the significant impact of heat stress on the microbiome of maternal rabbit lines with differing genetic backgrounds. By
revealing how genetic and environmental factors interact to shape the microbiota, it underscores the potential of soft feces microbiome com-
position as a biomarker for heat stress resilience. These findings are relevant to rabbit breeding and provide valuable insights applicable to other
animal production species facing similar climate challenges. Additionally, comparing machine learning and Bayesian methods offers robust tools
for understanding microbial architecture, guiding the scientific community in microbiome data analysis. This dual contribution supports sustain-
able livestock production and advances microbiome research methodologies.
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Abbreviations: A, rabbit maternal genetic line A; AUC, area under the curve; ASV, amplicon sequence variant; BayesC, Bayesian regression model C; BER,
balanced error rate; CLR, centered log ratio; GIT, gastrointestinal tract; HPD95%, highest posterior density interval at 95%; LP, rabbit maternal genetic line LP;
MCMC, Markov chain Monte Carlo; ML, machine learning; 00B, out-of-bag; PCA, principal component analysis; PERMANQVA, permutational multivariate
analysis of variance; PLS-DA, partial least squares discriminant analysis; PCR, polymerase chain reaction; SCFAs, short-chain fatty acids; THI, temperature-
humidity index; VIP, variable importance in projection.

Introduction increasingly important as rising temperatures due to climate
Rabbit farmers, especially in the Mediterranean region, change pose a majoF environmental challenge (Marai et al,,
seek animals that are highly productive, more resilient, and 2002; Giorgi and Lionello, 2008; Ebeid et al., 2023). Rab-

long-lived (Cullere and Dalle Zotte, 2018). This is becoming bits are par‘ticularly sensitive to heat stress due to their dense
fur and limited number of sweat glands, which makes natural
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heat dissipation through sweating and respiration less efficient
(Dalmau et al., 2014). While many commercial rabbitries in
southern Europe employ ventilation and cooling systems, the
intensification of summer heatwaves (particularly in Mediter-
ranean regions like Spain) has exposed the limitations of these
technologies (Egea, 2024). Factors such as humidity, equip-
ment aging, or limited economic capacity to modernize sys-
tems can compromise their effectiveness. Consequently, heat
stress negatively affects reproductive traits, decreasing fertil-
ity, embryonic development, litter size, litter weight, and milk
production (Ebeid et al., 2023). It also impacts growth traits
such as body weight, daily gain, meat quality, and growth rate
(Zeferino et al., 2013). These adverse effects underscore the
importance of addressing heat stress for the sustainability of
rabbit farming under changing climatic conditions.

One of the critical yet underexplored effects of heat stress
on rabbits is its impact on the intestinal microbiota. Recent
studies have established links between intestinal microbiota,
life expectancy, and overall health in rabbits (Gerber, 2014;
Funosas et al., 2021; Biada et al., 2024). In healthy animals,
the intestinal microbiota maintains intestinal integrity by pro-
ducing short-chain fatty acids (SCFAs), which help the gut
barrier and support immune function (Priyadarshini et al.,
2018). However, under heat stress conditions, the integrity of
the gut barrier is compromised due to increased permeability,
which allows harmful substances to enter the bloodstream,
leading to inflammation and illness (He et al., 2021). Heat
stress has also been shown to directly alter intestinal micro-
biota composition and diversity in monogastric animals (He
et al., 2021) and in rabbits (Bai et al., 2021; Liu et al., 2022).
This disruption can lead to dysbiosis, further worsening the
situation by reducing the production of SCFAs, weakening the
gut’s protective barrier, and ultimately compromising overall
animal health. Specific microbial taxa are particularly respon-
sive to heat stress and may serve as valuable biomarkers for
monitoring its effects on health, growth, and productivity (He
et al., 2021; Bai et al., 2021; Liu et al., 2022).

This study hypothesizes that heat stress differentially affects
soft fecal microbiota composition and diversity based on the
maternal genetic line. This results in distinct microbial profiles
that reflect variations in physiological and microbial mecha-
nisms for regulating and responding to heat stress between
the genetic lines. By identifying these microbial markers, this
study aims to offer new insights into how rabbits and other
livestock cope with environmental stressors, enabling farmers
to manage heat stress better and enhance the sustainability of
animal production systems in a changing climate.

Microbiome data is high dimensional, sparse, and compo-
sitional (Gloor et al., 2017). In this study, we apply different
machine learning (ML) techniques and Bayesian regression
to address these complexities and compare the predictive
capabilities of different models. ML methods have gained
significant traction in microbiome research because they
can handle complex, high-dimensional datasets (Namkung,
2020; Papoutsoglou et al., 2023). Among these methods,
Random Forest is among the most frequently employed for
microbiome classification and biomarker discovery (Marcos-
Zambrano et al., 2021). It is an ensemble learning method
that builds multiple decision trees and aggregates their out-
puts to improve prediction accuracy. Partial Least Squares
Discriminant Analysis (PLS-DA) represents a different class
of ML that uses latent variables. It maximizes the covari-
ance between predictor variables and the response variable,
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making it particularly effective for reducing dimensionality
while retaining the ability to differentiate between groups
(Papoutsoglou et al., 2023). Lastly, BayesC is a model from
the Bayesian alphabet family used in genomic prediction,
especially with high-dimensional data like single nucleotide
polymorphisms. BayesC can be suited for microbiome pre-
diction because it assumes that only a subset of predictors
(such as microbial taxa) has non-zero effects, allowing the
model to focus on the most informative variables (Habier
et al., 2011). Also, BayesC can be adapted to handle non-
continuous distributions of the outcome variable (Pérez and
de los Campos 2014). These 3 methods (Random Forest,
PLS-DA, and BayesC) were chosen for their distinct strengths
and approaches in prediction and variable selection. This will
allow for a thorough comparison of model performance and
biological interpretation to determine which approach best
suits microbiome data analysis.

This study has the overarching objective of examining the
effect of heat stress on the soft fecal microbiome of 2 maternal
rabbit lines with differing longevities. First, we aim to explore
the relationship between environmental conditions, genetic
lines, and microbiota. This is done by comparing the micro-
biota’s alpha- and beta-diversity measures. Second, we aim
to offer insights into microbial architecture by comparing the
3 modeling approaches’ predictive performance and biolog-
ical interpretability. These are Random Forest, PLS-DA, and
BayesC. They are compared in terms of their ability to classify
genetic lines based on microbiome information and identify
key microbial taxa associated with heat stress. This dual focus
allows us to deepen our understanding of the biological effects
of heat stress and assess which computational methods are
most effective in predicting and interpreting microbiome data.

Material and Methods

Ethics approval

All experimental procedures were approved by the Commit-
tee of Ethics and Animal Welfare of the Polytechnical Uni-
versity of Valencia, according to Council Directives 98/58/EC
and 2010/63/EU.

Animals and experimental design

A total of 199 nulliparous adult female rabbits (24 to 27 wk)
from 2 highly productive commercial maternal lines with dif-
ferent longevity (A and LP) were employed in this experiment.
All animals were born and raised at the experimental farm
of the Universitat Politecnica de Valeéncia. Data collection
was conducted across 2 distinct periods: a heat stress period
during summer (June 19,2023, to September 25,2023) with a
temperature-humidity index (THI) of 25.7 = 1.2, and a ther-
mal comfort period during winter (November 27, 2023, to
February 13, 2024) with a THI of 17.5 = 1.7. Ambient tem-
perature and humidity were recorded inside the experimental
farm, and THI was calculated following the formula adapted
for rabbits by Marai et al. (2002). In both thermal conditions,
animals were exposed to the respective environment during
at least the final stage of gestation, the day of parity, and the
first week postpartum.

The dataset comprised 98 females from line A (47 in heat
stress and 51 in thermal comfort) and 101 females from line
LP (50 in heat stress and 51 in thermal comfort). Line LP
was founded using longevity and productivity criteria, spe-
cifically from females with an average number of parities of
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30, which is 6 times higher than the average longevity (San-
chez et al., 2008). Line A is a standard commercial maternal
line that was founded by sampling New Zealand White rab-
bits reared by farmers near Valencia, Spain (Sdnchez et al.,
2008). All females were housed in individual cages (extract-
able nest boxes with isolated plastic) under a photoperiod of
16-h light: 8-h dark at the Universitat Politécnica de Valencia
(Spain) farm. The animals were fed ad libitum with a stan-
dard commercial diet throughout the experimental period,
formulated to meet their nutritional requirements. The feed
composition included 16.8% crude protein, 3.4% crude fat,
15.5% crude fiber, 7.9% crude ash, 1.00% calcium, 0.58%
phosphorus, and 0.19% sodium. Additional details on ingre-
dients and additives are provided in Table S1.

Sample collection and DNA extraction

All samples and physiological data were recorded during the
first week postpartum in both thermal conditions. Specifi-
cally, on the first morning following the first parity of each
female, litter size and body temperature were recorded. Body
temperature was assessed using infrared thermography of the
eyeball with a “Testo Irsoft” thermograph, and data analysis
was performed using Irsoft software (version 1.7). Two con-
secutive measurements were taken for each rabbit at a consis-
tent distance, with the average maximum eyeball temperature
calculated. Measurements showing a difference greater than
0.5 °C between readings were excluded. Under thermal com-
fort conditions, the mean eyeball temperature was 35.4 = 0.6
°C, which increased to 37.43 = 0.6 °C during heat stress. The
average litter size was 10.5 = 2.7 under thermal comfort con-
ditions and 10.3 = 2.2 under heat stress.

Soft fecal samples were collected from females during the
first postpartum week. Sampling was conducted twice daily
by gently stimulating the perianal region to facilitate fecal
release. Immediately after successful collection, the samples
were stored at —-80 °C to maintain their integrity until DNA
extraction. HigherPurity Stool DNA Isolation Kit was used
for bacterial DNA extraction (Canvax Reagents SLU, Vall-
adolid, Spain). The following modifications to the standard
protocol were applied: Approximately 0.2 g of fecal matter
was disrupted using two 4-mm glass beads in a bead homoge-
nizer at maximum speed (6 m/s) for 1 min, combined with the
lysis buffer. The samples were then heated to 95 °C for 5 min,
a process that was repeated twice. Following this, centrifuga-
tion at 10,000 x g for 30 s was performed, and the superna-
tant was carefully transferred to a fresh tube, adhering to the
manufacturer’s guidelines. The final elution step yielded DNA
in a 100-pL volume. DNA concentration and quality were
assessed using a Nanodrop ND-1000 spectrophotometer and
a Qubit 4 fluorometer with the dsDNA HS DNA assay Kkit.

PCR amplification, barcoding, and DNA sequencing
The V3 and V4 regions of the bacterial 16S rRNA gene were
amplified and purified following Illumina’s 16S Metagenomic
Sequencing Library Preparation protocol, as detailed in Biada
etal. (2024). PCR amplification was carried out using primers
recommended for this protocol under specific thermal cycling
conditions: an initial denaturation at 95 °C for 3 minutes,
followed by 25 cycles, each consisting of 30 s at 95 °C, 30's
at 55 °C, and 30 s at 72 °C, with a final extension step at 72
°C for 5 minutes. For multiplexing, dual indices were added
to the PCR products using the Nextera XT Index Kit (FC-
131-2001). The amplified products, approximately 550 bp

in length, were verified using a Bioanalyzer DNA 1000 chip.
Final sequencing was performed using a 2 x 300 bp paired-
end run on a MiSeq Sequencer, adhering to the instructions
provided by Illumina.

Bioinformatic analyses

Primary processing was carried out on the raw sequencing
reads, including quality control filtering using fastp (Chen et
al., 2018) and removal of primers using Cutadapt (Martin,
2011). Then, the sequences were processed using the DADA2
pipeline (Callahan et al., 2016) in R version 4.3.2. Forward
and reverse reads were trimmed to remove the low-quality
portion of the sequences (minimum of 25 Phred). Removal of
chimeras was performed. Amplicon sequence variants (ASVs)
were inferred after denoising, and the result was the construc-
tion of ASV tables. The ASV table was imported into QIIME2
software, version 2021.11 (Bolyen et al., 2019). Taxonomic
classification was performed using a trained Silva-based 16S
classifier (the classifier was trained on the primers used for
amplification and the length of the sequence reads). Also, to
consider evolutionary relatedness between the ASVs identi-
fied, a phylogenetic tree was constructed using QIIME2. Final
ASVs were filtered to remove potential artifacts; sequences
not classified under the kingdom Bacteria and those with a
relative abundance below 0.01% were excluded (Bokulich et

al., 2013).

Alpha-diversity analysis

Three alpha-diversity metrics, Observed richness, Shannon,
and Pielou evenness, were computed using the phyloseq pack-
age (McMurdie and Holmes, 2013). Each alpha-diversity
index was modeled using a linear model. The model consid-
ered fixed effects, including the animal’s genetic line (A or LP),
thermal condition effect (heat stress and comfort), and the
interaction between the line and thermal condition. Sequenc-
ing depth per sample (N) was included to control variation
in sequencing depth across samples. The model equation was

Yijk = Line; + Thermal condition), 4 Line : Thermal conditiony, + log (Nifk) +(eﬁ

Where yjj represents the alpha-diversity measurement for the
sample 7 of line j (A or LP), thermal condition k (heat stress or
comfort) with Njj. being the total sampling depth and e;j, rep-
resenting the error term of each sample. To ensure robustness
in the analysis, the same model was repeated using rarefied
tables instead of including Njj, for sequencing depth control.

The traits were analyzed using Bayesian methodology in R
using the brms package (Birkner, 2017). Default priors pro-
vided by brms were used (Buirkner, 2017), and they were as
follows: the intercept was assigned a weakly informative Stu-
dent’s ¢-distribution with 3 °C of freedom and a scale param-
eter that depends on the standard deviation of the response
(with a minimum of 2.5). The rest of the fixed effects coeffi-
cients were assigned flat priors. The residuals were assumed to
follow a normal distribution N (0,¢?2), and the error standard
deviation o, was assigned weakly informative prior as with
the same parameters as the intercept. Each model was run
by 4 chains of 50,000 iterations and a 10% burn-in of 5000
iterations. Inferences were made from the estimated marginal
posterior distributions of the differences between the 2 lines
A and LP, heat stress and thermal comfort conditions and the
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interaction. The probability PO that the difference is higher
(if positive) or lower (if negative) than 0 and HPD95% (the
highest posterior density interval at 95%) were calculated.
The relevance threshold is PO greater than or equal to 80%,
and the mean difference in standard deviation (sd) units is
higher than 1/3.

Beta-diversity analysis

To account for the compositionality of microbiome data prior
to computing the Aitchison dissimilarity matrix, a pseudo
count was added, and the data was transformed using the
centered log ratio (CLR) (Greenacre et al., 2021) . Then,
principal component analysis (PCA) was computed using
Aitchison dissimilarity to visually represent between-sample
dissimilarity. Finally, the Permutational Multivariate Analysis
of Variance (PERMANOVA) test was used to assess the effect
of the predictors on the Aitchison distance between samples
(10,000 permutations). The model was computed using the
vegan package in R (Oksanen et al., 2024) and included the
effect of line, thermal condition, and interaction.

Data processing, modeling and variable selection

The dataset consists of 199 samples, with 99 females from
line A (47 in heat stress and 51 in thermal comfort) and 101
females from line LP (50 in heat stress and 51 in thermal com-
fort). To assess the performance of the models under different
environmental conditions, we tested 3 data subsets. Subset
1 included samples from the heat stress condition only (97
samples), subset 2 comprised samples from the thermal com-
fort condition (102 samples). Subset 3 consisted of a balanced
dataset of 100 samples, comprising 50 randomly selected ani-
mals from the heat stress group and 50 from the thermal com-
fort group. This subset was designed to avoid biases related to
unequal sample sizes and to serve as a reference for evaluating
model performance under mixed environmental conditions.

We followed the framework for microbiome-based clas-
sification problems suggested by (Topcuoglu et al., 2020),
with some modifications. We split the data into 50% train-
ing and 50% testing for each subset while maintaining the
overall class distribution. Repeated 5-fold cross-validation
(100 times) was performed on the training set to tune the
hyperparameters. Once tuned, the models were trained on
the whole training set and evaluated on the testing set. Data
splitting, hyperparameter selection, training, and testing were
repeated 100 times to minimize bias from random splits. The
area under the receiver operating characteristic curve (AUC)
was used to evaluate model performance.

All models (BayesC, Random Forest, and PLS-DA) were
employed for the 3 data subsets, where the CLR transformed
ASVs were used as predictors (1,416 ASVs) to predict the
genetic line of the female rabbits (Line A or LP).

BayesC: We employed the BayesC regression model, imple-
mented in the BGLR R package (Pérez and de los Campos,
2014), to predict the genetic line of female rabbits (A or LP).
Given the categorical nature of the dependent variable, we
used a probit link function to handle its binary nature. In this
model, the observed binary variable (y, genetic line: A or LP)
is linked to an unobserved continuous variable called liability
(A) through the following relationship:

C(LifA >0
YZY0if A <0
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The liability variable A is modeled as:

A= pu+Mate . (2)

where A is the response variable on the liability scale, which
is assumed to follow a normal distribution A ~ N (1, 1) with
a mean 7 equal to the linear predictor and variance of one
(Albert and Chib, 1993). Here u is a population mean, a is a
vector of ASV effects (1,416 levels), M is a matrix of centered
and scaled ASV counts, and e is a vector of random residuals
assumed N (0, o2).

CLR transformed ASVs were fitted to the model using a
scaled-# mixture prior distribution, which uses a mixture of a
point of mass at zero and a Gaussian slab. Regression coef-
ficients were assigned Gaussian priors with a mean of zero
and variance aé. The variance parameter ULZ_, and residual
variance 02 were assigned scaled-inverse Chi-square densities,
indexed by a scale and a degree of freedom parameter, using
BGLR’s default values. The proportion of non-zero effects
was modeled with the parameter s, which followed a Beta
prior ™~ Beta( po, o). Here, the expected proportion
of non-zero effects is E (m) = mo, while po determined prior
strength with higher values leading to tighter distributions
around 7. For this model, po was set to 1,000,000 to pro-
vide a strongly informative prior, while mo was tuned across
different values to optimize the model through a grid search.
Markov Chain Monte Carlo (MCMC) sampling was used
to estimate the effects of the predictors and provide poste-
rior distributions for these effects. Each model was run by 4
chains with a length of 100,000 iterations, a lag of 5, and a
burn-in of 10,000 iterations.

Random forest: The classification model was implemented
using the randomForest package in R (Liaw and Wiener,
2002), based on Breiman’s original random forest algorithm
(Breiman, 2001). This approach builds multiple decision trees
using bootstrap samples drawn with replacements from the
original dataset. At each node, a randomly selected subset of
features is chosen for the splitting criterion, with the mtry
parameter set to specify the number of predictors considered
at each split. For this model, mtry was tuned to optimize clas-
sification performance while other parameters were kept at
their default values. A total of 1,500 trees (ntree = 1,500) were
grown to ensure robust classification accuracy, with each tree
reaching its maximum extent until the terminal nodes became
homogeneous. The out-of-bag (OOB) error was used to eval-
uate the model’s performance, which also provided a measure
of feature importance and class-specific error rates across the
predictions.

The general form of the Random Forest model is given by:

17
y= M"‘Tzht(y:M) 3)
=1
Where ¥ is the predicted probability for the genetic line (A or
LP), p is the population mean, T represents the total num-
ber of decision trees in the forest (T =1,500), and »; (y : M)
denotes the prediction for the tth tree, where t € (1, T). M
is the matrix of centered and scaled ASV counts. Each tree
(bt (y: M) t € (1, T)) is distinct from any other as it is con-
structed from a bootstrap sample of the original data. By
design, the model minimizes overfitting and improves pre-
dictive performance by aggregating predictions of different
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decision trees. Additionally, Random Forest quantified fea-
ture importance using 2 standard metrics: Mean Decrease
Accuracy, which evaluates the drop in model accuracy when a
feature is permuted, and Mean Decrease Gini, which assesses
a feature’s contribution to node impurity reduction. These
measures allowed identification of the most influential ASVs
for classifying rabbit lines.

Partial least square discriminant analysis: The PLS-DA
model was constructed using the mixOmics package in R
(Rohart et al., 2017). This model identifies latent variables
(or components) that maximize covariance between the pre-
dictor matrix M and the response y. The relationship can be
expressed as:

y= Muw;)c, + e
;( h)Ch @

Where y is the response variable (genetic line A or LP), M
is the matrix of centered and scaled ASVs, w;, represents the
weight vectors for each component h, which capture the con-
tribution of each predictor variable to the component while
maximizing the covariance with the response variable, ¢, is
the regression coefficient for the h™ component, and e is the
error term.

Variable selection

To identify the most relevant variables for prediction and
compare across models, variable selection was performed
within each training set over 100 repetitions. Variables consis-
tently selected in at least 50% of repetitions were considered
the most relevant. BayesC: Variable selection is inherently
part of the BayesC method, as it calculates posterior prob-
abilities of inclusion for each variable. Different thresholds
were tried, and we selected the 150 variables with the highest
posterior probabilities to align with the approximate number
of features chosen in the Random Forest and PLS-DA mod-
els. Random Forest: Variable selection followed the 2-step

process outlined by Genuer et al. (2010) for their interpreta-
tion method. First, variables with low importance (assessed
by the Mean Decrease Accuracy repeated over 50 iterations)
were eliminated. Next, a nested collection of models was
constructed, selecting variables leading to the smallest OOB
error. PLS-DA: We applied the Variable Importance in Pro-
jection (VIP) criterion, iteratively eliminating variables with
VIP scores less than 1.5 until the model achieved the lowest
Balanced Error Rate (BER).

Differential abundance

To complement the predictive models (PLS-DA, BayesC,
and Random Forest), which identified key taxa differenti-
ating the 2 genetic lines, we performed a differential abun-
dance analysis to determine which line these predictive taxa
were more abundant. This step was an additional discovery
to validate the features already identified as predictive. To
determine which taxa were more abundant in each genetic
line, we followed the recommendations from Nearing et al.
(2022), who systematically evaluated various differential
abundance methods for microbiome studies. Their findings
suggested that ALDEx2 and ANCOM-II provided the most
consistent results across different studies. We used ALDEx2
for this analysis, as it aligns with our use of centered log-ratio
(CLR) transformation. Using the ALDEx2 package in R, we
identified differentially abundant taxa between the 2 rabbit
lines (A and LP) in each data subset.

Results

Diversity results

At the level of alpha diversity (within sample diversity), line LP
had higher alpha diversity for all 3 indices (Table 1). These dif-
ferences were relevant for Shannon and observed richness (PO
>= 80% and mean difference in sd units higher than 1/3). Con-
cerning the thermal condition effect, alpha diversity increases
during heat stress in comparison to thermal comfort, with

Table 1. Summary of the main effect estimates for alpha-diversity indices Shannon, Pielou evenness and observed richness obtained with the linear

model

Contrast Index PM! HPD95 %? PO(%)?

A*to LPS Shannon ~0.9 [-0.11, 0.04] 82
Pielou evenness -0.6 [-0.009, 0.005] 74
Observed richness -1.0 [-44,15] 83

HS¢ to TC’ Shannon 1.5 [-0.02, 0.14] 93
Pielou evenness 0.8 [-0.004, 0.010] 80
Observed richness 2.4 [7,68] 99

A (HS) to LP (HS) Shannon ~0.6 [-0.14, 0.07] 72
Pielou evenness -0.4 [-0.012,0.007] 70
Observed richness -0.5 [-55, 31] 68

A (TC) to LP (TC) Shannon -0.7 [-0.14, 0.07] 76
Pielou evenness -0.5 [-0.012, 0.008] 66
Observed richness -0.9 [-59,23] 81

"Marginal posterior mean in standard deviation (sd) units.
*Highest posterior density intervals at 95% probability.

*Probability of the difference being higher (if the difference is positive) or lower (if negative) than zero.

“Rabbit’s maternal genetic line A.
SRabbit’s maternal genetic line LP.
°Heat stress.

"Thermal comfort.
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differences being relevant for all indices. Finally, no relevant dif-
ferences were observed regarding the interaction effects, with
similar trends within each thermal condition (Line LP with
higher alpha diversity values than A). However, the increase
of diversity during heat stress was more pronounced in line A,
since the contrasts between lines were lower, and none of the 3
indices showed relevant differences. The analysis was repeated
using rarefaction, and the same results were found, with the
exception of no relevant differences between heat stress and
thermal comfort for evenness diversity (Table S2).

Concerning beta diversity, PERMANOVA results showed
that thermal condition significantly (P-value = 0.000)
explained the highest proportion of the total dissimilar-
ity between samples, 2.3%, followed by the line effect
(P-value = 0.000), which explained 1.7%. Finally, the interac-
tion significantly explained 0.8 % (P-value = 0.001). Concern-
ing the results of the PCA based on Aitchison dissimilarity,
the first and second principal components explained 32 % and
10% of the total variance, respectively. While these compo-
nents accounted for the majority of the variation, the third
and fourth components, together explaining an additional
9% revealed a clearer separation of bacterial communities
according to thermal conditions (Fig. 1). Concerning line
effect, the fourth and fifth components (5% of the total vari-
ance) had the better separation (Fig. 1).

Predictive performance of models

We assessed the predictive power of microbiome data in dis-
tinguishing between maternal genetic lines A and LP in this
population of first-parity females. Predictions were evalu-
ated using 3 subsets: females under heat stress, females under
thermal comfort, and a combined dataset of both condi-
tions, adjusted to match the sample sizes of the other subsets.
Three distinct models were employed to analyze the data:
ML approaches using Random Forest, PLS-DA, and BayesC.
Fig. 2 reports the AUC values over 100 repetitions for each
model and data subset. The initial results indicate that all
models performed well, with AUC scores (average = sd) of
0.90 = 0.05 for Random Forest, 0.94 = 0.05 for BayesC, and
0.96 = 0.03 for PLS-DA.
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We employed a permutation test to ensure that the models
were not randomly discriminating between the classes. The
permuted AUC scores were 0.51 = 0.08 for Random Forest,
0.55 = 0.06 for BayesC, and 0.50 = 0.07 for PLS-DA, indicat-
ing that predictions were close to random chance under per-
mutation. These initial results indicate that the microbiome of
the 2 maternal lines, A and LP, is different.

Influence of model choice on prediction
performance and variable selection

While all models demonstrated strong predictive power
across the different datasets (Fig. 2), the choice of model
impacted both the prediction performance and the vari-
able selection process. In prediction performance, PLS-DA
consistently outperformed the other models, achieving the
highest AUC values across all subsets of the data. Specifi-
cally, PLS-DA achieved AUC values of 0.99 =+ 0.01 under
heat stress, 0.95 + 0.03 in thermal comfort, and 0.95 = 0.03
in mixed data (Combination of heat stress and thermal con-
dition). BayesC followed closely behind PLS-DA regarding
prediction performance; it demonstrated a strong mean AUC
of 0.96 + 0.03 under heat stress, 0.92 + 0.05 in thermal com-
fort, and 0.92 = 0.06 for mixed data. Although still effec-
tive, Random Forest performed somewhat worse than both
PLS-DA and BayesC with mean AUC of 0.92 = 0.05 under
heat stress, 0.87 = 0.06 in thermal comfort, and 0.92 = 0.03
for mixed data. Moreover, PLS-DA demonstrated lower vari-
ability across all data subsets than BayesC and Random For-
est. The AUC values for PLS-DA were highly stable, with a
sd of 0.01 under heat stress and 0.03 in thermal comfort and
mixed data. This indicates that PLS-DA not only provides
higher AUC but also exhibits a strong level of consistency,
suggesting it is less prone to fluctuations in prediction per-
formance across different training sets.

We applied a variable selection process to identify the most
important features that discriminated between the 2 rabbit
genetic lines (A and LP). This aims to highlight the most
discriminatory taxa and compare consistency in selected
variables across the models and thermal conditions. The num-
ber of selected variables for each model and data subset is
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Figure 1. (A) Visualization of third and fourth principal components (PC3 and PC4) representing the dissimilarity between samples (based on Aitchison
distance), with samples colored by thermal condition. (B) Visualization of fourth and fifth principal components (PC4 and PC5) with samples colored by

Line.
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Figure 2. AUC values for Random Forest, BayesC, and PLS-DA models prediction of genetic line A or LP based on microbiome data across mixed, heat
stress, and thermal comfort conditions. Each dot represents the AUC value from one repetition, with black error bars indicating the mean + standard

deviation (sd) for each group.

Table 2. Number of important variables identified by Random Forest,
BayesC, and PLS-DA models under heat stress, thermal comfort, and
mixed conditions, along with the shared variables across models

Subset Random Forest BayesC  PLS-DA  Intersect
Heat stress 15 71 96 14
Thermal comfort 17 56 86 15
Mixed 21 25 50 16

summarized in Table 2, and the overlap between the selected
variables is illustrated in Fig. 3. PLS-DA consistently selected a
higher number of variables across all subsets, especially under
heat stress (96 variables) and thermal comfort (86 variables),
whereas BayesC selected a moderate number. Random For-
est selected fewer variables overall (between 15-21 variables
across subsets), but its selections showed a high degree of
overlap with both BayesC and PLS-DA (Fig. 3). This overlap
suggests that Random Forest, which evaluates features inde-
pendently and additively while capturing interactions, leads
to a more conservative selection of variables. Consequently,
the selected variables represent core taxa consistently identi-
fied as important across other models.

To compare the biological relevance of the variables
selected by each model, we examined the taxonomic informa-
tion and phylogenetic trees of the selected ASVs. For PLS-DA,
the selected ASVs collapsed into 23 and 34 taxonomic units
for heat stress and thermal comfort (Table S3). Notably, 14
taxonomic units (10 genera and 4 families) were common
between heat stress and thermal comfort, while the remain-
ing taxa were unique to each condition. The phylogenetic tree
(Fig. S1) showed similar results, with ASVs from both condi-
tions clustering closely on adjacent branches. However, some
ASVs representing the unique taxa to each condition were
more separated and appeared on distant branches. BayesC
followed a similar trend to PLS-DA, with selected ASVs col-

lapsing into 24 distinct taxonomic units for both heat stress
and thermal comfort (Table S4). From which, 13 (9 genera
and 4 families) were shared between the 2 thermal condi-
tions. The phylogenetic analysis mirrored that of PLS-DA,
with many ASVs clustering together, while a few (belonging
to the unique taxonomic units of each condition) remained
dispersed across separate branches (Fig. S2). In contrast, Ran-
dom Forest selected fewer ASVs, collapsing into 7 and 10
taxonomic units for heat stress and thermal comfort (Table
S5). From which, only 2 (families Eubacteriaceae and Lach-
nospiraceae) were shared between heat stress and thermal
comfort. The phylogenetic tree revealed a different pattern:
ASVs belonging to different thermal conditions were spread
across distant branches, though those from the same condi-
tion tended to cluster together (Fig. S3). Even the ASVs of the
shared families between conditions were placed on separate
branches, suggesting they likely belong to distinct genera or
species.

In conclusion, PLS-DA selected more variables and achieved
better prediction performance compared to Random Forest
and BayesC. Random Forest, while having lower prediction
accuracy, selected fewer variables that showed clearer biolog-
ical differences between thermal conditions at both the taxo-
nomic and phylogenetic levels. BayesC performed in between
the 2, balancing variable selection and prediction accuracy.
These results suggest that selecting a larger number of vari-
ables may be necessary for achieving better class discrimina-
tion.

Line prediction in different thermal conditions

When comparing the 3 scenarios (heat stress, thermal com-
fort, and mixed) we observed that the mean AUC values were
consistently higher during the heat stress period across all 3
models. The average AUC during heat stress was 0.96 = 0.03,
higher than the 0.91 = 0.06 observed under thermal com-
fort. When both periods were combined (Mixed), the models
achieved intermediate results with an AUC of 0.93 = 0.04.
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Figure 3. Venn diagrams showing the overlap of variables selected across different models Random Forest, BayesC and PLS-DA for different data
subsets (heat stress, thermal comfort and mixed). The size of circles is proportional to number of values within it.
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Figure 4. enn diagrams showing the overlap of variables selected across thermal conditions (heat stress, thermal comfort, and mixed) for Random
Forest, BayesC and PLS-DA models. The size of circles is proportional to number of values within it.

These results suggest that predicting genetic lines based on
microbiome data was most effective during the heat stress
period, indicating that the microbiome of the 2 rabbit lines
diverged more under heat stress conditions.

Variable selection further validated these findings, reveal-
ing that distinct taxa were identified as the key variables dis-
criminating between the 2 lines, depending on whether the
conditions were heat stress or thermal comfort (Fig. 4). Spe-
cifically, the Venn diagrams show that, across all 3 models,
most of the important variables under heat stress and ther-
mal comfort are unique to each condition, with only a small
portion shared. The combined subset (mixed) showed few or
no unique important variables, with most of its important
variables overlapping with the 2 other subsets. These results
indicate that key variables selected with high discriminatory
power between the 2 lines A and LP are different depending
on the thermal conditions.

This pattern suggests that the differences in the microbi-
omes between the genetic lines are conditional on environ-
mental conditions, such as heat stress. The more pronounced
differences observed during heat stress, along with the distinct
key variables selected compared to thermal comfort, indicate

that the microbiome undergoes more significant and varied
changes in response to heat stress.

Potential taxa as biomarkers for heat stress

From this point onward, we focus on the intersection of vari-
ables selected by the 3 models (Random Forest, PLS-DA, and
BayesC) which identified 14 variables under heat stress and
15 under thermal comfort (Table 2). Differential abundance
analysis was performed using ALDEx2, aligning with our use
of CLR transformation. As anticipated, all taxa identified as
key predictors were also found to be differentially abundant
(Supplementary Material S1 and Fig. 5).

Similar to the previous section, we explored taxonomic
and phylogenetic differences across thermal conditions. The
final ASVs were grouped into 4 and 9 taxonomic units for
heat stress and thermal comfort, respectively. From which,
only 2 taxonomic units (families Eubacteriaceae and Lach-
nospiraceae) were shared between the 2 thermal conditions.
The unique taxonomic units for heat stress included the gen-
era Erysipelatoclostridium and Monoglobus, while thermal
comfort specific taxa comprised the genera RF39, Clostridia
UCG-014, Olsenella, Parvibacter, Lachnospiraceae NK4A136
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Figure 5. Phylogenetic tree of selected Amplicon Sequence Variants (ASVs) by random forest, BayesC, and PLS-DA for discriminating rabbit genetic
lines (A and LP) under heat stress and thermal comfort. Red/orange and blue/sky blue indicate in which line (A and LP) the ASV is more abundant.

group, and the family Eggerthellaceae. In the phylogenetic
tree, ASVs from the same thermal conditions generally clus-
tered together, in contrast ASVs from different thermal con-
ditions, were dispersed across distant branches (Fig. 5). The
different shared taxa and the clustering of ASVs within the
same thermal conditions on the phylogenetic tree support
the idea that heat stress and thermal comfort drive divergent
microbiome profiles, with potential functional implications
for rabbits’ health and resilience.

Discussion

Microbiome diversity

The 2 maternal genetic lines, A and LP, exhibited differences
in both alpha and beta diversity. Line LP demonstrated higher
richness compared to line A, particularly under thermal com-
fort conditions. This aligns with previous findings in the same
genetic lines (Biada et al., 2024), which also reported higher
alpha diversity in line LP and distinct beta-diversity patterns
between the lines. During heat stress, differences were not rel-
evant between the 2 lines. These results suggest that genetic
background plays a role in shaping microbiome diversity, but
heat stress may override some of these genetic influences on
microbiota diversity.

Heat stress induced important changes in both alpha and
beta diversity across both rabbit lines, indicating a stress-
induced microbiome shift. Specifically, alpha diversity (rich-
ness and evenness) increased during heat stress for both lines,

with a more pronounced increase in the less longeval line A
compared to line LP. This finding diverges from earlier studies
in rabbits, which reported no changes in alpha diversity under
heat stress compared to thermal comfort (Bai et al., 2021; Liu
et al., 2022; Li et al., 2023). However, they did observe com-
positional changes, such as increased abundances of majority
phylum Firmicutes (Bai et al., 2021) and Proteobacteria (Liu
et al., 2022). The observed increase in richness during heat
stress in this study aligns with reports in other monogastric
animals, including sows (He et al., 2019), pigs (Le Sciellour
et al., 2019), and broilers (Shi et al., 2019; Liu et al., 2020).
Concerning beta diversity, the study revealed small but sig-
nificant shifts in microbiome composition between thermal
comfort and heat stress conditions, accounting for a small
but significant portion of the variance (2.3%). Similar to the
findings of this study, differences in microbiome composition
visualized using PCA/PCoA have been reported in other rab-
bit studies (Bai et al., 2021; Liu et al., 2022; Li et al., 2023)
and in various monogastric species (Le Sciellour et al., 2019;
Xiong et al., 2019; Liu et al., 2020). These results indicate the
sensitivity of microbiota diversity to environmental stressors.
Heat stress likely disrupts gut integrity, increasing oxidative
stress and facilitating pathogen proliferation, which collec-
tively results in a more diverse microbial community and ele-
vated alpha diversity (Patra, 2021). Based on our findings, the
disruption of gut barrier and pathogen proliferation appears
to be more pronounced in line A, which has lower longev-
ity and is expected to be less resilient compared to line LP.
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Additionally, the divergence in microbial community compo-
sition among individuals, reflected in altered beta diversity,
highlights the heightened responsiveness of microbiota to
environmental stress (Patra, 2021).

Microbiome differences between lines

The model results reveal that all 3 models, across both ther-
mal conditions, achieved high accuracies in predicting the
2 genetic lines, A and LP, based on microbiome data. This
strongly indicates that the microbiome composition differs
between these 2 rabbit lines. Since the animals compared
were reared in the same exact environmental conditions, such
differences suggest that genetic factors tied to the origin of
these lines may shape their microbiomes. These 2 lines were
founded using distinct criteria, line A, a standard commer-
cial maternal line, originated from New Zealand White rab-
bits reared near Valencia, Spain. In contrast, line LP, a robust
maternal line established in 2002, was founded from females
selected for exceptional reproductive longevity, achieving a
minimum of 25 parities with an average prolificacy of 9 or
more kits per parity, consistent with commercial averages
in Spain (Sdnchez et al., 2008). Since their foundation, these
lines have been maintained genetically separated and have
both been selected for litter size at weaning. Genetic differ-
ences between lines can significantly influence microbiome
composition. The microbiome is known to be shaped, at least
in part, by the host genome (Blekhman et al., 2015; Bonder
et al., 2016). Through the concept of the holobiont and its
associated hologenome, the host and its microbiome form an
interconnected unit where genetic variations in the host affect
microbiome structure (Rosenberg and Zilber-Rosenberg,
2018). Moreover, in another study, they found differences in
the microbiome sampled at first parity of these 2 lines A and
LP (Biada et al., 2024). In this context, the genetic divergence
between lines A and LP likely underpins the microbiome dif-
ferences identified in this study.

Prediction accuracy and thermal conditions

As mentioned above, the microbiome profiles of lines A and
LP exhibited differences under both heat stress and thermal
comfort conditions. However, prediction accuracies (as line
classification ability) were consistently higher under heat
stress across all models, suggesting that the microbiome of
these genetic lines diverges more distinctly when subjected
to heat stress. This indicates a stress-induced response that
highlights differences in the adaptive capacities of the 2 lines.
These findings were further validated by examining the key
variables separating the 2 lines during heat stress and ther-
mal comfort. The final ASVs selected differed between the 2
thermal conditions, with no shared genera. The only over-
lapping taxonomic units across conditions were the families
Eubacteriaceae and Lachnospiraceae, both large families
encompassing diverse species and subspecies (Cotozzolo et
al., 2021). Additionally, phylogenetic analysis revealed sig-
nificant distances between the ASVs selected under each
condition. Under thermal comfort, the observed differences
between lines A and LP reflect baseline microbiome variation
in non-stressful environments, consistent with findings from
previous studies (Biada et al., 2024). In contrast, the differ-
ences observed during heat stress highlight how the 2 lines,
A and LP, respond differently to environmental challenges,
with the key selected taxa offering insights into the distinct
microbiome dynamics within each line under heat stress. Spe-
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cifically, the stress-responsive taxa identified included ASVs
from the genera Erysipelatoclostridium, Monoglobus, and the
family Lachnospiraceae that were more abundant in line A.
Conversely, all more abundant ASVs in line LP were exclu-
sively from the family Eubacteriaceae.

The genus Erysipelatoclostridium has been associated
with elevated serum cortisol levels (Feng et al., 2022), indi-
cating a potential link to stress responses. Elevated cortisol
can disrupt homeostasis, leading to adverse effects on health
and longevity. Additionally, the family Erysipelotrichaceae,
which includes Erysipelatoclostridium, has been implicated
in inflammation-related gastrointestinal (GIT) conditions and
metabolic disorders (Kaakoush, 2015; Bermingham et al.,
2017). On the other hand, Monoglobus presents a dual per-
spective. While its abundance has been positively correlated
with beneficial factors such as catalase activity, CD4+ T-cell
counts, and butyrate production, key indicators of a healthy
immune response (Li et al., 2022; Wang et al., 2022), its over-
representation might not always be advantageous. Elevated
levels of Monoglobus have been linked to increased blood
ammonia levels, which disrupt intestinal barrier function,
increase permeability, and trigger systemic inflammatory
responses (Sakurai et al., 2022).

The families Lachnospiraceae and Eubacteriaceae are
among the most abundant families in the rabbit intestinal
microbiota (Cotozzolo et al., 2021). They include a diverse
range of genera and species with varying metabolic roles
(Parte et al., 2011), which complicates the interpretation of
their differential abundance between genetic lines. Therefore,
we will focus on general trends rather than specific functional
interpretations. Members of Lachnospiraceae are known to
ferment dietary fiber into SCFAs, yet different taxa within
this family are also linked to various diseases (Vacca et al.,
2020). On the other hand, the role of Eubacteriaceae in rab-
bits remains poorly understood. However, Eubacterium, the
primary genus in this family (Read et al., 2019), is associ-
ated with butyrate production, a critical process for energy
homeostasis, colonic motility, immunomodulation, and the
suppression of gut inflammation (Mukherjee et al., 2020).

In summary, under heat stress, line A exhibited higher
abundance of potentially detrimental taxa such as Erysipela-
toclostridium and Monoglobus, suggesting an altered or
imbalanced immune and metabolic state. As mentioned ear-
lier, line A is a standard commercial maternal line. In con-
trast, line LP, a robust maternal line established in 2002, was
founded using longevity criteria (Sdnchez et al., 2008). Since
its foundation, line LP has consistently demonstrated supe-
rior longevity and is expected to exhibit greater resilience.
Supporting this, does from line A are almost 2 times more
likely to die or be culled compared to those from Line LP (El
Nagar et al., 2021). These microbiota differences may reflect
physiological disparities between the lines and offer insight
into their differing resilience to heat stress. Such differences
may also help explain the observed variation in longevity,
with these taxa potentially serving as biomarkers for stress
susceptibility and contributors to reduced longevity in line A.

Comparative of PLS-DA, Random Forest, and
BayesC models

In evaluating the predictive performance of Random Forest,
PLS-DA, and BayesC, our results indicate that all 3 models
performed well across thermal conditions. Among these,
PLS-DA exhibited slightly higher predictive accuracy, as
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evidenced by consistently higher AUC values. Ruiz-Perez et
al. (2020) through simulation and real-life microbiome data-
sets, demonstrated the effectiveness of PLS-DA for both clas-
sification and variable selection. Their findings highlighted
that PLS-DA works well when signal features exhibit a clus-
tered distribution, even key features are hidden among a large
number of noise. Moreover, in a comparative study, Troll et
al. (2020) found that PLS outperformed Random Forest in
regression problems involving gut microbiome data. BayesC
also performed closely to PLS-DA in our study, but to our
knowledge, BayesC has not been applied to microbiome clas-
sification tasks. However, related Bayesian Alphabet models,
such as Bayesian lasso, have been used for microbiome data
analysis. For instance, Maltecca et al. (2019) applied Bayesian
lasso to predict growth and carcass traits in microbiome data,
demonstrating comparable performance to Random Forest
in terms of prediction accuracy. Despite our results, Random
Forest remains one of the most widely used ML techniques
in microbiome research. According to ladanza et al. (2020),
it often generates the highest prediction accuracies compared
to other ML and deep learning methods. Contrary to our
findings, Papoutsoglou et al. (2023) showed that while pre-
processing techniques such as filtering low-abundance taxa
and performing CLR transformation improved the accuracy
of PLS-DA, Random Forest still outperformed PLS-DA based
on F1 scores.

Regarding variable selection, the majority of selected vari-
ables were shared across the 3 models, indicating consistency
in their ability to identify key taxa. However, there were dif-
ferences in the patterns of variable selection. Random For-
est, for instance, tended to select fewer taxa. Notably, the
variables it selected to predict the genetic lines (A and LP)
in heat stress were more distinct, both taxonomically and
phylogenetically, from those selected in thermal comfort. This
distinction provided a clearer differentiation of how different
microbiota reacts differently within each line in face of heat
stress. In contrast, PLS-DA followed by BayesC identified a
broader range of taxa. While these additional variables may
have contributed to their improved predictive performance
in comparison to Random Forest, many of them were not
as biologically or taxonomically distinct. This suggests that
Random Forest focuses on a narrower but more meaning-
ful subset of taxa, while PLS-DA and BayesC capture a more
extensive array of features, potentially enhancing prediction
but at the cost of including less relevant variables. In the case
of PLS-DA, this broader selection can be attributed to its abil-
ity to capture latent variables (linear combinations of original
features that maximize covariance with the dependent vari-
able). Although this approach can enhance prediction perfor-
mance, it may also include variables that are less biologically
relevant. By comparison, both BayesC and Random Forest
assume that each feature contributes independently and addi-
tively to the prediction, but Random Forest additionally cap-
tures interactions, both conditionally within individual trees
and through its ensemble approach. This approach leads to
more conservative variable selection by identifying a smaller
subset of highly relevant features. As a result, Random Forest
is widely recognized as one of the most effective methods for
feature selection in microbiome analysis, outperforming other
ML techniques, including PLS (Statnikov et al. 2013; Liu et
al. 2017; Namkung, 2020). In a review study, It consistently
selected fewer number of variables across 8 datasets of micro-
biome data (Statnikov et al., 2013).

1

In summary, while PLS-DA and BayesC demonstrated
slightly better predictive performance, Random Forest
selected a smaller but more taxonomically and phylogenet-
ically relevant subset of variables. This distinction highlights
the complementary strengths of these methods: PLS-DA and
BayesC captured a broader range of features, enhancing
predictive accuracy, while Random Forest focused on core
taxa critical for distinguishing between conditions, making
it highly effective for targeted feature selection. The differing
variable selection patterns among the models provide valu-
able insights into the microbial architecture of the genetic
lines and their responses to heat stress. Specifically, PLS-DA’s
ability to identify latent variables offers a comprehensive view
of microbiome dynamics, whereas Random Forest’s conserva-
tive selection emphasizes the most biologically relevant taxa.

Conclusion

Heat stress altered the microbiome in maternal rabbit lines
by increasing alpha diversity and shifting beta diversity, likely
due to gut barrier disruption that increased pathogen prolif-
eration. While line LP had higher microbiome richness under
normal conditions, heat stress caused a greater diversity
increase in the less robust line A, narrowing the differences.
Line A also showed higher levels of potential stress-associated
taxa like Erysipelatoclostridium and Monoglobus, indicating
a line-specific microbial response. Predictive models revealed
that microbiome responses differed between lines under ther-
mal stress, with PLS-DA providing the highest accuracy and
capturing more features, while Random Forest identified
fewer but biologically relevant taxa. These complementary
methods enhance our understanding of how microbiomes
mediate stress responses.

These findings support the potential of soft fecal microbiota
as biomarkers of heat-stress resilience in livestock, encourag-
ing further validation across populations and integration into
resilience-oriented breeding programs. They also underscore
the importance of genetic and environmental interactions in
shaping the microbiome and guiding strategies to safeguard
animal health under climate stress.

Supplementary Data

Supplementary data are available at Journal of Animal Science
online.
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