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Introduction

The gut microbiome is increasingly recognized as a key biological regulator of complex animal
phenotypes and a potential mediator of host genetic potential. However, microbiome-derived
information is strongly dependent on the sequencing strategy employed, raising fundamental
questions about the biological relevance and comparability of microbial signals across sequencing
approaches.

Here, we compare 16S rRNA gene sequencing and whole-genome shotgun metagenomics (WGS)
in their ability to capture microbial, genetic, and microbiome-mediated genetic components of
fatty acids and carcass traits in an Iberian pig population. By integrating multi-platform
microbiome profiling with Bayesian genetic modeling, we quantify microbiability, identify trait-
relevant microbial features, and evaluate the consistency of microbial and microbiome-mediated
genetic signals across sequencing technologies.

Materials & Methods

Animals, genotypes, and phenotypes. A total of 162 Iberian pigs (pure Entrepelado and Retinto
strains and their reciprocal crosses) were fattened at the Iberian Testing Center (CTI, Inga Food
S.A., Spain). Castrated males entered the facility at 95 + 13 days of age (33 = 10 kg), were housed
in pens (<13 animals), fed ad libitum with commercial diets, and slaughtered at 365+ 35 days
(160 + 10 kg). Animals were genotyped using the Illumina GGP Porcine HD BeadChip (68,516
SNPs). Quality control in PLINK v1.9 retained autosomal SNPs with call rate>0.95 and
MAF >0.05; individuals with >7% missing genotypes were excluded, yielding 35,285 SNPs for
162 pigs.

Phenotypes included post-slaughter carcass measurements used to calculate commercial yields:
carcass yield (CY), ham yield (HY), shoulder yield (SY), and loin yield (LY). Intramuscular fat
(IMF; Longissimus thoracis) and sacral subcutaneous fat (SCF) samples were analyzed for fatty
acid (FA) composition. In each tissue, 15 fatty acids were quantified and grouped into saturated
(SFA), monounsaturated (MUFA), and polyunsaturated (PUFA) categories, generating
IMF-SFA/MUFA/PUFA and SCF-SFA/MUFA/PUFA traits.

Microbiome sample collection and bioinformatic processing. Fecal samples were collected at
the end of fattening and stored at —80 °C. Two complementary profiling approaches were applied:
16S rRNA sequencing: V3-V4 amplicons were sequenced (Illumina) and processed via
nf-core/ampliseq v2.11.0 to generate Amplicon sequence variants (ASVs). Taxonomy was
assigned using SILV A v138; non-bacterial ASVs were removed. Functional potential was inferred
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with PICRUSt2 (v2.5.1); samples with NSTI>0.20 were excluded.
WGS: Data were processed with SqueezeMeta v1.6.5 (Tamames & Puente-Sanchez, 2019). After
host decontamination (Bowtie2 vs. Sus scrofa v11.1) and quality trimming (Fastp), reads were
assembled and annotated against GenBank nr and Kyoto Encyclopedia of Genes and Genomes
(KEGGQG) databases to obtain taxonomic and KEGG orthologs (KOs) profiles.

Taxonomic labels were harmonized between 16S (SILVA) and WGS (GenBank nr) databases. For
modeling, genus/species taxa were retained if detected in >50% of samples (16S) or >80% (WGS);
KO features required >0.01% mean abundance. Final datasets comprised genus, species, and KO
abundance matrices for both sequencing types.

Statistical and genetic modeling framework. Microbiability (cZ; proportion of phenotypic
variance explained by the microbiome) was estimated per trait using Bayesian linear mixed models
with the structure:

y=Xb+Zm+ Zu,y + ¢ (1)
where y is a vector of observed traits (FAs, yields), b is a vector of fixed effects (batches), m and
u, are vectors of total microbial and additive genetic effects, respectively, and distributed as m ~
N(0,Kc?2) and uy ~ N(0, Go2 ,) respectively; € is a vector of random residual effects distributed

as e~N(0,102); and X and Z are known incidence matrices. K is the microbial relationship matrix
built with the relative abundance of taxa/KOs as described in Ross ef al. (2013) and G is the
genomic relationship matrix calculated according to VanRaden (2008); I is an identity matrix. 62,
o2 , and 02 are the microbial, additive genetic, and residual variances, respectively, and were

assigned scaled-inverse-y? priors.
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The following model was used to estimate microbial effects at the taxonomic (genus and species)
and functional levels (KOs) via a BayesC approach (Habier et al., 2011) :
y=Xb+Zu;+Zya+e (2)
where a is the vector of microbial feature effects with each element a; following a mixture prior:
it is zero with a probability = 0.95 or drawn from a V' (0, 62) with probability 1 — m,. X and Z
are defined as in equation (1) and Zy, is the incidence matrix linking microbial features to
phenotypes.
To quantify host genetic influence on microbial abundance, each microbial feature was treated as
a quantitative trait:
a] = Xﬁ] + Zua,]- + ea,j (3)
where a; is the vector of relative abundance of taxon/KO j, B; are fixed effects, and u, ; is the
additive genetic effect distributed as u,; ~ N (0, Gaﬁa‘j) and e, ; is a vector of random residual

Microbiability was computed as: c2, =

effects distributed as e, j~N (o, 1 062) and X and Z are known incidence matrices.
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The heritability of microbial abundance for feature j was computed as: h,zn, i e

ua_j ea_j
To quantify the proportion of host genetic variance for phenotype y mediated through the
microbiome, we integrated results from models (2) and (3).
This approach assumes that a microbial feature can mediate host genetic effects on a phenotype
only if it both influences the trait and is itself under host genetic control. This framework is
conceptually related to previous approaches (e.g., Christensen et al., 2021), but enables

decomposition at the level of individual microbial features.
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The genetic variance for trait y mediated by microbe j was estimated as:
i, =a’ Xo?
9,12y 1,y Uq,j
where @; ,, is the posterior mean estimate of the microbial effect from model (2), and 65(”. is the
posterior mean estimate of the host genetic variance for the abundance of microbe j from model
(3). All models were fitted using the BGLR package (Pérez & de los Campos, 2014) in R, genetic
and microbial effects were included via an RKHS term. For each phenotype (models 1 and 2) and
each microbial feature (model 3), we ran a Gibbs sampler for 20,000 iterations, discarding the first
5,000 as burn-in. Posterior distributions of all key parameters were visually inspected to confirm
convergence. Taxa were ranked by their contribution (ng‘ j—y) to the mediated genetic variance for

each trait. To identify microbes that were robustly influential across multiple phenotypes, these
ranks were aggregated across traits using Robust Rank Aggregation (RRA) (Kolde et al., 2012).

Results & Discussion

WGS and 16S rRNA sequencing differed substantially in taxonomic assignment efficiency.
Although WGS generated more reads (~57.8 billion vs ~11.1 million for 16S), only 66.3% could
be assigned to a known phylum, declining to 3.8% at the species level. In contrast, 16S maintained
high assignment rates (>92%) from phylum to genus, with 43.7% of reads reaching species
resolution. However, assignment efficiency does not reflect taxonomic richness: despite its lower
species-level assignment rate, WGS detected 2,537 species compared with only 252 from 16S.
However, after applying prevalence filters to reduce sparsity, the final modelling datasets
comprised 275 genera, 212 species, and 4,527 KOs for WGS versus 154 genera, 44 species, and
1,775 KOs for 16S. Community composition was highly concordant for dominant taxa, but
agreement declined at finer resolutions, particularly for low-abundance species, reflecting 16S's
limited species resolution.

These technical differences were reflected in microbiability estimates (cZ,), as shown in Figure 1.
At the genus level, both methods yielded comparable ¢, for FA traits (16S: 0.20-0.23; WGS:
0.22-0.24) and carcass traits (16S: 0.14-0.32; WGS: 0.14-0.20). This concordance indicates that
genus level c2, values have similar magnitude across approaches, although the underlying
microbial features are not necessarily the same. At the species level, however, a clear divergence
emerged: WGS consistently produced higher microbiability estimates than 16S for most traits
(fatty acids: 0.19-0.27 vs. 0.09-0.11; carcass traits: 0.14-0.20 vs. 0.07-0.11), with ham yield as
the sole exception (16S: 0.21; WGS: 0.19). This pattern aligns with 16S's lower species assignment
and suggests that reliable detection of species-level microbial effects requires WGS.

Functional profiles, whether predicted from 16S (PICRUSt2) or directly measured via WGS
showed broadly overlapping microbiability ranges (16S KO: 0.16—0.33; WGS KO: 0.15-0.32).
Despite known limitations of functional inference, this correspondence supports the utility of 16S-
derived functional predictions for exploratory analyses when WGS resources are constrained.
Using the BayesC model (2), we obtained a posterior mean effect (&; , ) for each microbial feature,
including taxa (genus and species levels) and KOs. Effect sizes were highly concentrated: fewer
than 10% of taxa accounted for 77-99% of total effect magnitude across traits, confirming the
sparsity of microbe—phenotype associations. Microbial heritabilities were moderate (mean h2, ~
0.30; range: 0.12—0.51), indicating partial host genetic control over microbial abundances.

RRA identified recurrently influential taxa with statistically significant cross-trait rankings. At the
genus level, Prevotella, Lactobacillus, and Streptococcus collectively accounted for 16-97% of
total microbiome-mediated genetic variance across traits despite representing <2% of detected
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genera in both methods. At the species level, Lactobacillus amylovorus, Escherichia coli and
Streptococcus gallolyticus contributed to 22-93% of total mediated genetic variance under both
methods. In contrast, at the functional level, no concordance in top-ranked KOs based on RRA
scores was detected between methods, although microbiability estimates based on KOs were
comparable between 16S-predicted and WGS-derived profiles. This suggests that functional
prediction and direct metagenomic annotation may prioritize distinct metabolic features despite
capturing similar overall variance magnitudes.
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Figure 1. Radar representation of ¢2, estimates across sequencing methods and phenotypes.

Conclusion

Our results indicate that sequencing method should be matched to the intended taxonomic
resolution. At the genus and functional levels, 16S rRNA sequencing and WGS yielded
comparable c2, estimates, supporting the cost-effective use of 16S for taxonomic-level variance
estimation where species-level precision is not required. Integrating microbial effects sizes with
host genetic variance of microbial abundances highlighted a sparse architecture: a small set of
recurrent taxa accounted for the majority of microbiome-mediated genetic variance.

These findings demonstrate that microbiome contributions to meat quality and carcass traits are
detectable and partially shaped by host genetics. The concordance of key taxa across sequencing
methods provides biologically plausible candidates for future investigation. When applied at
taxonomic levels appropriate to the sequencing technology used, microbiome information could
potentially complement genomic selection strategies once validated.
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