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Industry Summary:  
The efficiency of producing saleable meat products is primarily determined by costs associated with feed and by the 
amount of and quality of lean meat produced. Utilizing feed resources more efficiently has become a definite 
challenge that faces the livestock industry. Recent efforts have been devoted to identifying and exploit the genomic 
variability of individual pigs in increasing feed efficiency. Despite its success, this approach presents logistical as 
well as technical limitations related to obtaining accurate individual feed intake records as well as defining and using 
different feed efficiency measures. Perhaps most importantly, a continued effort concentrating only on the pig 
variability for efficiency would inevitably lead to diminished marginal gains, incurring in concomitant losses of 
overall fitness and genetic diversity over time. The amount and type of bacteria present in the gut of individuals 
represent a key part of all mammalian organisms. The makeup of the microbiome represents a vast pool of genomic 
diversity that contributes to the individual physiology and health. Particularly, the intestinal microbiome directly 
affects the degradation of carbohydrates, provides short-chain fatty acids, mitigates and alter the effect 
of potentially toxic compounds and produce essential vitamins. The impact of environmental factors, such as 
nutrition, stressors and challenges associated with weaning in pigs and management, have been characterized in pigs. 
Nonetheless, the composition and function of a healthy microbial ecosystem have not been qualitatively and 
quantitatively defined and used as a tool to maximize animal health and performance. Particularly, microbiome 
composition has yet to be studied at large scales, including large sampling conducted through several stages of the 
production life. The overall objective of this study was to assess the power of microbiome predictions based on 
fecal samples, to foresee growth and carcass composition in populations of healthy pigs. Specific objectives of the 
proposal were: 1- Quantify the impact of microbiome composition on lean growth in swine. 2- Quantify the 
heritability of relative taxa abundance in swine. 3- Explore the hypothesis that specific regions of the genome are 
related to the ability of the host to select relative taxa abundance. 4- Evaluate the effectiveness of the inclusion of 
microbiome taxa relative abundance as direct source of variation in predicting growth and carcass traits in pigs.  
 
To investigate these objectives 3000 pigs progeny of 28 founding Duroc sires were genotyped with a commercial 
SNP panel and their fecal microbiome was collected at three time-points during their growth trial. Phenotypic 
observations were collected on several growth and carcass composition traits at the same time.  The results of the 
current research show that: 
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• Gut microbiome composition directly affects growth and carcass traits in pigs. Different microbial 

populations separate individuals on the basis of growth and fatness with specific microbial species 
significantly related to fat and lean deposition.  

• Early microbiome measures are less reliable predictors of growth and microbial information on pigs might 
be best collected at later life stages. 

• Microbial composition is at least partially under direct genetic control so that it could be potentially 
manipulated with the use of selection tools. Heritabilities of microbial diversity as well as individual taxa 
range from low to moderate and are replicable across scenarios. 

• Fecal microbiota diversity could potentially be used as an indicator trait to improve traits that are expensive 
to measure.  

• The inclusion of microbial predictors could potentially be used to promote fast growth of individuals while 
limiting fat accumulation. 
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Scientific Abstract:   
 
The overall objective of this study was to assess the power of microbiome predictions based on fecal samples, to 
foresee growth and carcass composition in populations of healthy pigs. Specific objectives of the proposal were: 1- 
Quantify the impact of microbiome composition on lean growth in swine. 2- Quantify the heritability of relative taxa 
abundance in swine. 3- Explore the hypothesis that specific regions of the genome are related to the ability of the 
host to select relative taxa abundance. 4- Evaluate the effectiveness of the inclusion of microbiome taxa relative 
abundance as direct source of variation in predicting growth and carcass traits in pigs.  
 
Fecal microbiome sequences were generated and organized in Operation Taxonomic Units (OTU) representing 
specific microbial species that were employed in subsequent analyses.  Fecal samples, collected from a population 
of pigs at three time points, including weaning, week 15 post weaning (hereafter “week 15”), and end-of-feeding test 
(hereafter “off-test”), were used to evaluate changes in the composition of the fecal microbiome of each animal over 
time. Firmicutes and Bacteroidetes were the most abundant phyla at all three time points. The most abundant genera 
at all three time points 
included Clostridium, Escherichia, Bacteroides, Prevotella, Ruminococcus, Fusobacterium, Campylobacter, Eubact
erium, and Lactobacillus. Two enterotypes were identified at each time point. Enterotypes at week 15 and off-test 
were significantly associated with growth parametes.  Alpha diversity and operational taxonomic unit (OTU) 
richness were moderately heritable at week 15, h2 of 0.15 ± 0.06 to 0.16 ± 0.07 and 0.23 ± 0.09 to 0.26 ± 0.08, 
respectively, as well as at off-test, h2 of 0.20 ± 0.09 to 0.33 ± 0.10 and 0.17 ± 0.08 to 0.24 ± 0.08, respectively, 
whereas very low heritability estimates for both measures were detected at weaning. Alpha diversity at week 15 had 
strong and negative genetic correlations with BF, − 0.53 ± 0.23 to − 0.45 ± 0.25, as well as with ADG, − 0.53 ± 0.32 
to − 0.53 ± 0.29. These results are important for efforts to genetically improve the domesticated pig because they 
suggest fecal microbiota diversity can be used as an indicator trait to improve traits that are expensive to measure.  
 
We evaluated the power of microbiome measures taken at three time points over the growth test period (to foretell 
growth and carcass traits of pigs. We measured prediction accuracy as the correlation between actual and predicted 
phenotypes in a five-fold cross-validation setting. Phenotypic traits measured included live weight measures and 
carcass composition obtained during the trial as well as at slaughter. We employed a null model excluding 
microbiome information as a baseline to assess the increase in prediction accuracy stemming from the inclusion of 
operational taxonomic units (OTU) as predictors. We further contrasted performance of models from the Bayesian 
alphabet as well machine learning and semi-parametric kernel models. In most cases, prediction accuracy increased 
significantly with the inclusion of microbiome data. Accuracy was more substantial with the inclusion of 
microbiome information taken at weeks 15 and 22, with values ranging from approximately 0.30 for loin traits to 
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more than 0.50 for back fat. Conversely, microbiome composition at weaning resulted in most cases in marginal 
gains of prediction accuracy, suggesting that later measures might be more useful to include in predictive models.  
The inclusion of OTU predictors could potentially be used to promote fast growth of individuals while limiting fat 
accumulation. Early microbiome measures might not be good predictors of growth and OTU information might be 
best collected at later life stages.  
 
We evaluated the potential interaction between the host genome and its gut microbiome in swine. Three thousand 
and one pigs, originating from 28 founding Duroc Sires, were used in the study. Half of the pigs were generated 
through purebred matings while half by matings with F1 Landrace x Large White dams. All pigs were genotyped 
with the Illumina PorcineSNP60 Beadchip while sires were sequenced at an average depth of 10x.  Fecal 
microbiome samples were collected at weaning, week 15 and week 27 of the feeding trial, along with backfat 
thickness (BF), live weight (WT), and loin depth (LD) measures. We estimated heritability for taxa of the gut 
bacteria, identifying taxa that are important for the phenotypes, as well as scanning the host genome for single 
nucleotide polymorphisms (SNPs) potentially influencing the gut microbiome composition in both crossbred and 
purebreds. Forty-eight taxa from week 15 and 20 at week 27, were significantly associated with backfat, weight and 
loin depth at an FDR of 5%. Taxa with a substantial contribution to traits variation included Succinivibrio 
dextrinosolvens, Lactobacillus reuteri, Prevotella copri, Peptococcus niger, and Oxalobacter formigenes. 
Heritability estimates for the significant taxa at weaning, week 15, and week 27 ranged from low to moderate (0.01 
to 0.34) and were heterogeneous between crossbred and purebreds. Several SNPs were found significantly 
associated with OTUs at week 15 and 27. These SNPs located in chromosome regions that contained a total of 378 
genes, belonging among others, to pathways that protect epithelial cells in the host gut, transfer substances 
transmembranes, promote cell proliferation, differentiation, motility, and survival.  
 
We estimated the microbiability and investigate its impact on heritability estimates of meat quality and carcass 
traits; we estimated the microbial correlation between the meat quality and carcass traits in swine populations. The 
study population consisted of 1,123 three-way cross individuals genotyped with 60K SNP chips and phenotyped for 
carcass and meat quality traits. Fecal 16S microbial sequences for all individuals were obtained at three different 
stages: off test (OT: 196.4 ± 7.80 days); week 15 (W_15: 118.2 ± 1.18 days); and weaning (WEAN: 18.64 ± 1.09 
days)). Data were analyzed using the single and multi-trait model, which included the fixed effects of dam line, 
contemporary group, and sex as well as random effects of pen, animal additive genetic and microbiome. The last 
two were modeled with the use of relationship matrices among individuals obtained by genomic and microbial 
information. Analyses were conducted in ASREML v.4. The contribution of microbiome to all traits was significant 
although it varied over time with increase from WEAN to OT for most traits. Adding microbiome information did 
not affect the estimates of genomic heritability of meat quality traits but changed the estimates of carcass 
composition traits. Decrease in heritability was best observed for OT, where decrease in heritability ranged from 2% 
for carcass average daily gain (CADG) to 10% for fat depth. Microbial correlations ranged from -0.93±0.11 between 
firmness and shearing force to 0.97 ± 0.02 between CADG and loin weight. Results suggested that gut microbial 
composition can contribute to the improvement of complex traits in swine. These results may lead to establish a 
newer approach of genetic evaluation process through the addition of gut microbial information. 
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Introduction:   
 
The objective of this project is to identify opportunities to optimize swine production systems for efficiency of 
nutrient utilization spanning the whole spectrum of variability generated by the pig/microflora/environment 
interactions. The objective will be accomplished by combining the information obtained for dense marker genotypes 
with performance data on growth and intake and microbiota sequence information from a large balanced 
experimental design. The existence of genetic control over the abundance of particular taxa and the link of these 
with energy balance and growth has been shown in model organisms. No such evidence has been presented in pigs 
so far. With this project we aim at closing this gap and provide solid evidence of the extent of genetic control of the 
gut microbiome population composition in swine and its relationship with growth efficiency. 
 
 
Objectives:       
 
The overall project rests on the following main hypothesis. The gut microbiome is an essential component of 
variability of growth in several species. We speculate that swine do not escape this general rule and that the 
identification of the significance of gut microbiota in the growth process could be a game changer in the 
achievement of sustainable and efficient lean meat production. 
This hypothesis will be articulated into the following supporting objectives: 
1- Quantify the impact of microbiome composition on lean growth and carcass composition in swine. 
2- Quantify the heritability of relative taxa abundance in swine through pedigree and genomic data. 
3- Explore the hypothesis that specific regions of the genome are related to the ability of the host to select relative 
taxa abundance with sequence and low-density genotypes. 
4- Evaluate the effectiveness of the inclusion of microbiome taxa relative abundance as direct source of variation in 
predicting feed efficiency in pigs 

 
 
Materials & Methods:   
 
Animals 
The current proposal leveraged an existing experimental design developed in collaboration by The Maschhoffs llc. 
and NCSU. The original scope of the experimental design is wider than what proposed in the current study including 
health and carcass quality parameters but not a microbiome-host genomic component. Here we will only describe 
materials pertinent to the current proposal.  Twenty-eight (28) purebred Duroc boars have been selected as founders. 
The boars served as sires for 2 complementing trials. One conducted on purebred pigs, and a specular one conducted 
on crossbred individuals. In both trials growth performance fecal samples for microbiome analyses were recorded. 
Founders were selected to maximize the overall genetic pool represented in the trial based on pedigree information. 
In the purebred trial sires were mated to Duroc females. Pigs resulting from the matings, after weaning, were moved 
to a nursery and then to the performance test, which was completed at week 24 of age. Pigs were nursed in mixed 
gender pens. For the growth trial where then allocated in single-gender pens. The total number of purebred pigs used 
for the study was 28(sires) x ~100 (pigs per sire) = 3000. Individual pig weights were collected at the start (weaning) 
and end of the study and at week 12, 18 and 22 post-weaning. Body dimensions along with ultrasound measures of 
longissimus and backfat were also taken at the end of the test. Fecal samples were collected on all pigs at weaning, 
week 12 post-weaning and at the end of the study. In the crossbred trial each of the 28 boars was mated to 3 ways 
crossbred pluriparous sows from a common line. After weaning pigs were moved to a nursery and then to the 
performance test where they were raised up to the weight of 305 lbs (138 kgs). Pigs were reared in single-sire (1 to 
28) single-gender similar mean age (±0.5 days) pens. Twenty pigs were allocated to each pen. Pigs in the same pen 
were therefore paternal half-sibs for any of the 28 boars. The total number of individuals were 28(sires) x 2(gender 
gilts barrows) x 6(replicates) x 20 (pigs per pen) = 6,720 
 
DNA extraction and purification 
Total DNA (gDNA) was extracted from each rectal swab by mechanical disruption in phenol:chloroform. Briefly, 
mL 650 of extraction buffer (200 mM Tris; 200 mM NaCl; 20 mM EDTA, pH 8.0) was added to each swab stored 
in a 2 mL self-standing screw cap tube (Axygen, CA, USA). Tubes were shaken using a Mini-BeadBeater-96 
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(MBB-96; BioSpec, OK, USA) for 20 s to free sample material from the swab head. Following a brief centrifugation 
(10 s; 500 x g) to pull down any dislodged material, each swab head was removed from its tube using sterile forceps. 
Samples were frozen solid at –80C, and approximately 250 mL of 0.1 mm zirconia/silica beads (BioSpec) and a 3.97 
mm stainless steel ball were added to the sample (while still frozen, to avoid splashing). Samples were allowed to 
thaw briefly, after which 210 mL 20% SDS and 500 mL phenol:chloroform:IAA (25:24:1, pH 8.0) were added. 
Bead-beating was performed on the MBB-96 (4 min; room temperature), samples were centrifuged (3,220 x g; 4 
min), and 250 mL of the aqueous phase was transferred to a new tube. 100 mL of this crude DNA was then further 
purified using a QIAquick 96 PCR purification kit (Qiagen, MD, USA). Purification was performed per the 
manufacturer’s instructions with the following minor modifications: (i) sodium acetate (3 M, pH 5.5) was added to 
Buffer PM to a final concentration of 185 mM to ensure optimal binding of genomic DNA to the silica membrane; 
(ii) crude DNA was combined with 4 volumes of Buffer PM (rather than 3 volumes); and, (iii) DNA was eluted in 
100 mL Buffer EB (rather than 80 mL). 
 
Illumina library preparation and sequencing 
Phased, bi-directional amplification of the V4 region (515–806) of the 16S rRNA gene was employed to generate 
indexed libraries for Illumina sequencing. Amplicon libraries were quantified using the Qubit dsDNA assay kit 
(Thermo Fisher Scientific Inc., MA, USA) before being pooled in equimolar ratios. These final pools were purified 
using Agencourt AMPure XP beads (Beckman Coulter) per the manufacturer’s instructions. Purified pools were 
supplemented with 5–10% PhiX control DNA and were sequenced on an Illumina MiSeq machine as paired-end 
2x250 + 13bp index reactions using the 600v3 kit. Un-demultiplexed FASTQ files were generated by MiSeq 
Reporter. All sequencing was performed at the DNA Sequencing Innovation Lab at the Center for Genome Sciences 
and Systems Biology at Washington University in St. Louis. 
 
16S rRNA gene sequencing and quality control of data 
Pairs of V4 16S rRNA gene sequences were first merged into a single sequence using FLASh v1.2.1148, with a 
required overlap of at least 100 and not more than 250 base pairs in order to provide a confident overlap. Sequences 
with a mean quality score below Q35 were then filtered out using PRINSEQ v0.20.449. Sequences were oriented in 
the forward direction and any primer sequences were matched and trimmed off; during primer matching, up to 1 
mismatch was allowed. Sequences were subsequently de-multiplexed using QIIME v1.950. Sequences with > 97% 
nucleotide sequence identity were then clustered into operational taxonomic units (hereafter “OTUs”) using QIIME 
with the following settings: max_accepts = 50, max_rejects = 8, percent_subsample = 0.1 and --suppress_step4. 
A modified version of GreenGenes (The Greengenes Database Consortium515253) was used as the reference 
database. Input sequences that had 10% of the reads with no hit to the reference database were then clustered de 
novo with UCLUST54 to generate new reference OTUs to which the remaining 90% of reads were assigned. The 
most abundant sequence in each cluster was used as the representative sequence for the OTU. Sparse OTUs were 
then filtered out by requiring a minimum total observation count of 1200 for an OTU to be retained, and the OTU 
table was rarefied to 10,000 counts per sample. Average Good’s coverage estimates for samples at weaning, week 
15 and week 22 were 0.99 ± 0.002, 0.98 ± 0.002, and 0.98 ± 0.002, respectively. Finally, the Ribosomal Database 
Project (RDP) classifier (v2.4) was retrained in the manner described in Ridaura and colleagues with 0.8 cutoff used 
to assign taxonomy to the representative sequences.  
 
Genotyping 
 
All individuals in the study were genotyped with the Illumina PorcineSNP60 Beadchip (Illumina Inc., San Diego, 
CA USA). All animals had call rate at least 0.90. Missing single nucleotide polymorphisms (SNP) were imputed 
using Fimpute v2.2 [39]. After imputation, genotypes for a subset of 1028 animals with both genotypes and 
microbiome data were retained and an extra QC step imposed a  SNP minor allele frequency threshold of 0.02 on , 
leaving 51,128 SNPs for subsequent analyses in this study. 
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Methods Objective 1  
 
Clustering analysis 
Jensen-Shannon Divergence (hereafter “JSD”) was calculated at 3 separate time points according to the relative 
abundance of each genus in each sample using the ‘‘dist.JSD’’ function coded in R. Based on the obtained distance 
matrix, the samples at each time point were clustered via partitioning around medoids (PAM) by using the ‘‘pam’’ 
function in the R library ‘‘cluster’’. The optimal number of clusters was chosen by maximizing the Calinski–
Harabasz index, using ‘‘index.G1’’ function in the R library ‘‘clusterSim’’, and the Silhouette index, using the 
“silhouette” function in the R library ‘‘cluster’’. The result of clustering was visualized on a PCA plot, using the 
“s.class” function of the ade4 package in R. 
To investigate whether pigs’ fecal bacterial communities could be grouped into enterotypes, which classify the 
animals based on their bacteriological ecosystem in the fecal microbiome, we applied the partitioning around 
medoids (PAM) method using Jensen-Shannon distance for the genus-level relative abundance profiles. The optimal 
number of clusters was determined using the Calinski-Harabasz pseudo F-statistic value (CH) and the Rousseeuw's 
Silhouette internal cluster quality index (RS). To determine genera that were differentially abundant between the 
clusters, LEfSe v1.0  was used. The software uses the Kruskal-Wallis test to identify genera that are significantly 
different between 2 clusters at each time point, and used to build a Linear Discriminant Analysis (LDA) model, from 
which the relative difference between clusters is used to rank the genera. More details of LDA is fully described in. 
 
Diversity analysis 
The R package “vegan” was used to investigate alpha and beta diversity in this study. Alpha diversity was measured 
using the Shannon index, computed here as −∑ 𝑝𝑝𝑖𝑖ln (𝑝𝑝𝑖𝑖)𝑛𝑛

𝑖𝑖=1 , where pi was the proportional abundance of OTU i. A 
univariate linear regression model was formed to test the significance of fixed effects,  
 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =  𝜇𝜇 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 +  𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑦𝑦𝑖𝑖 + 𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑑𝑑𝑓𝑓𝑖𝑖 +  𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ,        (1) 
 
in which µ was the overall mean, age was the age group (weaning, week 15, off-test), family was paternal half-sib 
family (n = 28), bs was birth site (n = 3), dl was dam line (n = 2), and potential interaction between age and family; 
and a random residual effect e; the response was the Shannon index. The index at week 15 and off-test was pre-
adjusted for contemporary group (n = 6). Fixed effects that were found insignificant from model (1) were removed 
from subsequent analyses. After testing the significance of the fixed effects, we explored longitudinal changes in the 
family effect using the model (1.1), which was analyzed using function “lmer” of the R package “lme4”.  
 
We modified model (1) to form model (1.2) to test the impact of enterotypes on BF_18, BF_22, ADGw_14, and 
ADG14_22. Model (1.2) consisted of 4 fixed effects, including days, which was age of the animal in day when 
backfat thickness and live weight were measured; enterotype was the enterotype at weaning or week 15 or off-test; 
sex, family, bs, and e remained the same as previously described. 
 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 + 𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑦𝑦𝑖𝑖𝑖𝑖 +  𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ,       (1.1) 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 + 𝑑𝑑𝑎𝑎𝑦𝑦𝑠𝑠 + 𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑦𝑦𝑖𝑖 + 𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑎𝑎𝑒𝑒𝑒𝑒𝑎𝑎𝑒𝑒𝑒𝑒𝑒𝑒𝑦𝑦𝑝𝑝𝑎𝑎𝑖𝑖 +  𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ,        (1.2) 
 
Model 2 was formed to test the fixed effects of sex, family, and bs, as well as random permanent environmental 
effect of litter (n = 718), at 3 separate time points. The litter effect in this study refers to the nursing environment 
provided by the mother and siblings, influencing the development of individual pigs, potentially having profound 
impact on fitness and other phenotypic traits later in life. The random effects were assumed to be uncorrelated with 
each other. Covariance matrices of the random effects were equal to I𝜎𝜎𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙2 , I𝜎𝜎𝑙𝑙2, where I was an identity matrix.  
 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑗𝑗 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 +  𝑓𝑓𝑎𝑎𝑓𝑓𝑓𝑓𝑓𝑓𝑦𝑦𝑖𝑖 + 𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑓𝑓𝑓𝑓𝑒𝑒𝑒𝑒𝑎𝑎𝑒𝑒𝑗𝑗 +  𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑗𝑗,        (2) 
 
Genetic parameters of the Shannon index were investigated using models 3, 4, and 5 as described below. The model 
included fixed effects of sex and bs. Random effects included animal, and residual e in model (3). Model (4) was an 
extension of model (3) to include the permanent environmental effect litter. We estimated heritability of the 
Shannon index at each time point, as well as phenotypic and genetic correlations of the index among the 3 time 
points. Model (5) was an extension of model (4) to include the random effect of pen where the animals were raised 
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after weaning. The response in model (5) was the Shannon index at week 15 and off-test. We estimated heritability 
of the index, as well as its phenotypic and genetic correlations between these 2 time points. Assumptions of the 
random effects remained similar to model (2). The random effect of animal in models (3), (4), and (5) was given a 
covariance matrix of A𝜎𝜎𝑠𝑠2, in which A was the additive numerator relationship matrix, determined from a pedigree. 
The animal in models (4) and (5) was assumed uncorrelated with other random effects. 
 
𝑦𝑦𝑖𝑖𝑖𝑖𝑠𝑠 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 +  𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑠𝑠 + 𝑎𝑎𝑖𝑖𝑖𝑖𝑠𝑠,      (3) 
𝑦𝑦𝑖𝑖𝑖𝑖𝑗𝑗𝑠𝑠 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 +  𝑏𝑏𝑠𝑠𝑖𝑖 +  𝑓𝑓𝑓𝑓𝑒𝑒𝑒𝑒𝑎𝑎𝑒𝑒𝑗𝑗 +  𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑠𝑠 + 𝑎𝑎𝑖𝑖𝑖𝑖𝑗𝑗𝑠𝑠,      (4) 
𝑦𝑦𝑖𝑖𝑖𝑖𝑛𝑛𝑗𝑗𝑠𝑠 =  𝜇𝜇 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 +  𝑏𝑏𝑠𝑠𝑖𝑖 + 𝑝𝑝𝑎𝑎𝑒𝑒𝑛𝑛 +  𝑓𝑓𝑓𝑓𝑒𝑒𝑒𝑒𝑎𝑎𝑒𝑒𝑗𝑗 +  𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑠𝑠 + 𝑎𝑎𝑖𝑖𝑖𝑖𝑛𝑛𝑗𝑗𝑠𝑠,      (5) 
 
Genetic parameters for OTU richness, which was number of observed OTUs, were obtained in a similar manner. We 
also performed bivariate analyses for pairs of traits between Shannon index (at weaning and week 15, Sha_w and 
Sha_15, respectively, hereafter) and BF_18, BF_22, ADGw_14, and ADG14_22.  All of the linear models were 
tested using ASReml v.4.1. 
 
Carcass and Quality association 
 
Phenotypic data collection was done as detailed by Wilson et al. (2016). Meat quality traits (intramuscular fat 
content (IMF), Minolta a* (MINA), Minolta b* (MINB), minolta L* (MINL), ultimate pH (PH), subjective color 
score (SCOL), subjective marbling score (SMARB), subjective firmness score (SFIRM), shearing force (SSF)) and 
carcass composition traits (Belly weight (BEL), ham weight (HAM), loin weight (LOIN), fat depth (FD), loin depth 
(LD) and carcass average daily gain (CADG)) were used for the current analysis. All the traits were measured as 
detailed by Khanal et al. (unpublished results).  
 
The data were analyzed using ASREML v4 (Gilmour, 2014). Univariate analyses were conducted to estimate 
heritabilities, microbiabilities and variance components. Single trait models were fitted as: 
 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑛𝑛 = 𝜇𝜇 + 𝑑𝑑𝑓𝑓𝑖𝑖 + 𝑐𝑐𝑎𝑎𝑖𝑖 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 + 𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑖𝑖 + 𝑝𝑝𝑎𝑎𝑒𝑒𝑖𝑖(𝑖𝑖) + 𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑛𝑛                                  (1)      
 
where μ was the overall mean, 𝑑𝑑𝑓𝑓𝑖𝑖 was the ith effect of dam line (2 levels), 𝑐𝑐𝑎𝑎𝑖𝑖 was the jth effect of contemporary (6 
levels),  𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 was the kth effect of sex (2 levels), 𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑖𝑖 was the random animal genetic effect, 𝑝𝑝𝑎𝑎𝑒𝑒𝑖𝑖(𝑖𝑖) was the 
random effect of pen nested in the contemporary group and 𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑛𝑛 was the random residual. Pen and residuals were 
assumed normally distributed with mean zero and with variances I𝜎𝜎𝑗𝑗𝑙𝑙𝑛𝑛2  and I𝜎𝜎𝑙𝑙2, respectively, where I was an identity 
matrix. The random effect of animal was assumed normally distributed with mean 0 and variance G𝜎𝜎𝑎𝑎2 where G was a 
realized genomic relationship matrix obtained according to VanRaden (VanRaden, 2008)  as: 
 
G = (𝐌𝐌−𝐏𝐏)(𝐌𝐌−𝐏𝐏)′

2∑ pj�1−pj�m
j=1

 

 
where M is a matrix of marker alleles with m columns (m = total number of markers) and n rows (n = total number 
of genotyped individuals), and P is a matrix containing the frequency of the second allele (𝑝𝑝𝑖𝑖), expressed as 2𝑝𝑝𝑖𝑖. 𝐌𝐌𝐢𝐢𝐢𝐢 
was -1 if the genotype of individual i for SNP j was homozygous for the first allele, 0 if heterozygous, or 1 if the 
genotype was homozygous for the second allele. Narrow sense heritability was estimated as h2 = 𝜎𝜎𝑎𝑎

2

𝜎𝜎𝑃𝑃
2, with  𝜎𝜎𝑃𝑃2 = 𝜎𝜎𝑎𝑎2 + 

𝜎𝜎𝑗𝑗𝑙𝑙𝑛𝑛2  + 𝜎𝜎𝑙𝑙2.  
We added the microbiome information in model (1) to form model (2) to estimate the change in heritability with 
incorporation of microbiome information at each stage in the model. Model (2) became: 
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑛𝑛𝑖𝑖 = 𝜇𝜇 + 𝑑𝑑𝑓𝑓𝑖𝑖 + 𝑐𝑐𝑎𝑎𝑖𝑖 + 𝑠𝑠𝑎𝑎𝑠𝑠𝑖𝑖 + 𝑎𝑎𝑒𝑒𝑓𝑓𝑓𝑓𝑎𝑎𝑓𝑓𝑖𝑖 +  𝑓𝑓𝑓𝑓𝑐𝑐𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓𝑒𝑒𝑓𝑓𝑎𝑎𝑖𝑖 + 𝑝𝑝𝑎𝑎𝑒𝑒𝑛𝑛(𝑖𝑖) + 𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑛𝑛𝑖𝑖 (2)      
Where dl, cg, sex, animal, pen and e remained the same as previously described and 𝑓𝑓𝑓𝑓𝑐𝑐𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓𝑒𝑒𝑓𝑓𝑎𝑎𝑖𝑖 was the random 
effect of the animal microbiome. The random effect of the microbiome was normally distributed with variance O𝜎𝜎𝑖𝑖2  
in which O was a microbiome relationship matrix among individuals and 𝜎𝜎𝑖𝑖2  was the microbiome variance. The 
matrix O was created following Camarinha-Silva et al. (2017). Briefly, O was obtained as O = 1

𝑞𝑞
XXT, with matrix X 

of dimension of n × q, where n is the number of animals and q is the number of OTUs. X was constructed from S, a 
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matrix of equivalent dimensions n × q. The elements of S matrix, Sjk, are the relative abundance of OTU k in animal 
j. The elements of X are calculated as: 
                                                    Xij = 

𝑖𝑖𝑖𝑖𝑙𝑙 (𝑆𝑆𝑗𝑗𝑗𝑗)−𝑖𝑖𝑖𝑖𝑙𝑙𝑆𝑆⸰𝑗𝑗���������

𝑠𝑠𝑠𝑠(𝑖𝑖𝑖𝑖𝑙𝑙𝑆𝑆⸰𝑗𝑗 )
 

where 𝑆𝑆⸰𝑖𝑖  is the vector of kth column of S. The O matrix was created for each stage (weaning, wk_15 and off_test) 
separately and fitted in each model separately. The contribution of the microbiome to the overall variance 
(microbiability) was calculated as: m2 = 𝜎𝜎𝑚𝑚

2

𝜎𝜎𝑃𝑃
2   (Difford et al., 2016). The total variance  𝜎𝜎𝑃𝑃2 was obtained as 𝜎𝜎𝑃𝑃2 = 𝜎𝜎𝑎𝑎2 + 

𝜎𝜎𝑖𝑖2  + 𝜎𝜎𝑗𝑗𝑙𝑙𝑛𝑛2  + 𝜎𝜎𝑙𝑙2.  
Bivariate analyses were conducted to estimate genomic and microbial correlations among traits. Bivariate models 
were of form:  

�
𝒚𝒚𝟏𝟏
𝒚𝒚𝟐𝟐�= �𝑿𝑿𝟏𝟏 𝟎𝟎

𝟎𝟎 𝑿𝑿𝟐𝟐
� �𝒃𝒃𝟏𝟏𝒃𝒃𝟐𝟐

�+ �𝒁𝒁𝟏𝟏 𝟎𝟎
𝟎𝟎 𝒁𝒁𝟐𝟐

� �
𝒂𝒂𝟏𝟏
𝒂𝒂𝟐𝟐� + �𝑲𝑲𝟏𝟏 𝟎𝟎

𝟎𝟎 𝑲𝑲𝟐𝟐
� �
𝒐𝒐𝟏𝟏
𝒐𝒐𝟐𝟐� +  �𝑾𝑾𝟏𝟏 𝟎𝟎

𝟎𝟎 𝑾𝑾𝟐𝟐
� �
𝒑𝒑𝟏𝟏
𝒑𝒑𝟐𝟐� + �

𝒆𝒆𝟏𝟏
𝒆𝒆𝟐𝟐�    (3) 

 
where 𝑦𝑦1 and 𝑦𝑦2 were the vector of phenotypic measurements for traits 1 and 2 respectively; 𝑋𝑋1 and 𝑋𝑋2 were the 
incidence matrices relating the fixed effects to vector 𝑦𝑦1 and 𝑦𝑦2 respectively; 𝑏𝑏1 and 𝑏𝑏2 were the vector of fixed 
effect for traits 1 and two respectively; 𝑍𝑍1 and 𝑍𝑍2 were the incidence matrices relating the phenotypic observations 
to the vector of random animal effects for trait 1 and 2 respectively; 𝑎𝑎1 and 𝑎𝑎2 were the vector of random animal 
effect for traits 1 and 2 respectively; 𝐾𝐾1 and 𝐾𝐾2 were the incidence matrices relating the phenotypic observations to 
the vector of random microbiome effect for traits 1 and 2 respectively; 𝑒𝑒1 and 𝑒𝑒2 were the vector of random 
microbiome effect for traits 1 and 2 respectively;  𝑊𝑊1 and 𝑊𝑊2 were the incidence matrices relating the phenotypic 
observations to the vector of random pen effects for trait 1 and 2 respectively; 𝑝𝑝1 and 𝑝𝑝2 were the vector of random 
pen effect for traits 1 and 2 respectively; and 𝑎𝑎1 and 𝑎𝑎2 were the vectors of random residuals for traits 1 and 2 
respectively. The fixed effects and random effects were the same as fitted in the univariate analyses. 

The additive variance was assumed to be Var�
𝑎𝑎1
𝑎𝑎2� = C ⊗ G; where C =  � 𝜎𝜎𝑎𝑎1

2 𝜎𝜎𝑎𝑎12
𝜎𝜎𝑎𝑎21 𝜎𝜎𝑎𝑎22

�.  

The components of covariance matrix C were defined as: 𝜎𝜎𝑎𝑎12  was the genetic variance for trait 1, 𝜎𝜎𝑎𝑎2 
2 was the 

genetic variance for trait 2, 𝜎𝜎𝑎𝑎12 = 𝜎𝜎𝑎𝑎21 was the additive genetic covariance for trait 1 and trait 2. The microbiome 

variance was assumed to be Var�
𝑒𝑒1
𝑒𝑒2� = Q ⊗ O; where Q =  � 𝜎𝜎𝑖𝑖1

2 𝜎𝜎𝑖𝑖12
𝜎𝜎𝑖𝑖21 𝜎𝜎𝑖𝑖2

2 �.  

The components of covariance matrix Q were defined as: 𝜎𝜎𝑖𝑖1
2  was the microbiome variance for trait 1, 𝜎𝜎𝑖𝑖2 

2 was the 
microbiome variance for trait 2, 𝜎𝜎𝑖𝑖12 = 𝜎𝜎𝑖𝑖21 was the microbiome covariance for trait 1 and trait 2.The pen variance 

was assumed to be Var�
𝑝𝑝1
𝑝𝑝2� = W ⊗ I; where W = �

𝜎𝜎𝑗𝑗12 0
0 𝜎𝜎𝑗𝑗22

� and I was the identity matrix. The components of W 

matrix were defined as: 𝜎𝜎𝑗𝑗12  was the pen variance for trait 1 and 𝜎𝜎𝑗𝑗22  was the pen variance for trait 2. The residual 

variance was given by Var�
𝑎𝑎1
𝑎𝑎2� = R ⊗ I; where R = � 𝜎𝜎𝑙𝑙1

2 𝜎𝜎𝑙𝑙122

𝜎𝜎𝑙𝑙212 𝜎𝜎𝑙𝑙22
� and I was the identity matrix. The components of 

R were defined as: 𝜎𝜎𝑙𝑙12  was the residual variance for trait 1, 𝜎𝜎𝑙𝑙2 
2 was the residual variance for trait 2, 𝜎𝜎𝑙𝑙212  = 𝜎𝜎𝑙𝑙122  was 

the residual covariance among trait 1 and trait 2.  
 
 
Methods Objectives 2-3  
 
A series of statistical analyses was conducted, beginning with estimating variance components for BF, WT, and LD 
using the following model. 
𝒚𝒚 = 𝑿𝑿𝑏𝑏 +  𝒁𝒁𝟏𝟏𝑎𝑎𝑖𝑖 +  𝒁𝒁𝟐𝟐𝑢𝑢𝑖𝑖 +  𝒁𝒁𝟑𝟑𝑝𝑝𝑖𝑖 + 𝑎𝑎,   (1) 
 
where y was a vector of phenotypic values; X was an incidence matrix assigning individual animals to fixed effects; 
b was a vector of fixed including sex, contemporary group (n = 6), and age (in days); Z1 the genomic relationship 
matrix among the animals, based on the 51,128 SNPs and obtained following VanRaden’s method 1; ai the random 
effect attributed to individual animal’s genetic makeup; Z2 is a microbiome relatedness matrix among the animals, of 
which each coefficient was computed as 1 – D(c,d), where  D(c,d) was the Jensen-Shannon distance between 

samples c and d, and computed as �1
2
�∑ 𝑐𝑐𝑖𝑖 log

𝑐𝑐𝑗𝑗
𝑖𝑖𝑗𝑗

𝑛𝑛
𝑖𝑖=1 + ∑ 𝑑𝑑𝑖𝑖 log

𝑠𝑠𝑗𝑗
𝑖𝑖𝑗𝑗

𝑛𝑛
𝑖𝑖=1 �, with n number of OTUs (n = 1755) and mj = 
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(cj+dj)/2 50; ui the random effect attributed to individual animal’s microbiome composition; Z3 the incidence matrix 
assigning each animal to the random effect of pen pk; e the random residual effect. The random effects ai, ui, pk, and e 
were assumed to be uncorrelated to one another, and have zero mean, and variance of 𝜎𝜎𝑙𝑙2, 𝜎𝜎𝑢𝑢2, 𝜎𝜎𝑗𝑗2, and 𝜎𝜎𝑙𝑙2, 
respectively. Important outputs of this analysis were estimates of proportion of trait’s total variance attributable to 
the individual’s genetic background, its microbiome composition, the social interaction they might have been 
exposed to due to pen sharing, and unknown source of variation. This analysis was completed using ASReml v.4.1. 
  
OTU phenotypes association: 
 
Single OTU counts were fit as covariates in the following model to identify those that had significant association 
with phenotypic records. 
 
𝒚𝒚 = 𝑿𝑿𝑏𝑏 +  𝒁𝒁𝟏𝟏𝑎𝑎𝑖𝑖 +  𝛾𝛾𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂𝑓𝑓𝑖𝑖 +  𝒁𝒁𝟑𝟑𝑝𝑝𝑖𝑖 + 𝑎𝑎,    (2) 
 
The model employed is comparable to  (1) with 𝒁𝒁𝟐𝟐𝑢𝑢𝑖𝑖 being replaced with 𝛾𝛾𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂𝑓𝑓𝑖𝑖, where  𝛾𝛾𝑓𝑓  was the regression 
coefficient for the fth OTU in animal i. The taxa were fit as a fixed effect. For each of traits BF, WT, and LD at 
weeks 14, 18 and 22, a separate analysis of OUT obtained at weaning, week 15, as well as week 22 was performed. 
A false discovery rate (FDR) of 5% was used to declare whether or not a taxon was significantly associated with a 
phenotypic record. All analyses were completed using ASReml v.4.1 [51]. 
 
OTU genome-wide association: 
 
Significant taxa found in the previous step were adjusted for sex, contemporary group, sow (for samples at weaning) 
and pen (for samples at week 15 and offtest), as well as age of animals when samples were collected. Adjusted taxa 
were then used as the response variable in the following model to identify SNPs in significant association with the 
taxa. 
𝒚𝒚 = 𝒁𝒁𝟏𝟏𝑎𝑎𝑖𝑖 +  𝛼𝛼𝑖𝑖𝑓𝑓𝑖𝑖 + 𝑎𝑎, (3) 
where Z1 the numerator relationship matrix among the animals, based on pedigree; ai the random effect attributed to 
individual animal’s genetic makeup; 𝛼𝛼𝑖𝑖 representing the allele substitution effect, of the lth SNP, while 𝑓𝑓𝑖𝑖 being the 
number of copies of the minor allele at the lth SNP; e being the residual. The analyses were completed using 
Snp1101 (Sargolzaei, year). False discovery rate (FDR) of 5% was again employed to declare whether or not a SNP 
was in significant association with a significant taxon. 
 
 
Methods Objective 4  
 
Training and testing sets 
 
A stratified five-fold cross validation scheme was used to recursively randomly split data into training (~70% of 
observations) and prediction (~30% of observations) sets, maintaining equal representation of the 28 sires present in 
the trial.  
 
Models 
All models where employed in our analysis in a regression framework. For the investigation, each combination of 
method, trait and time was treated as a separate analysis and accuracy of prediction for each model was obtained as 
the average Pearson’s correlation between predicted and measured phenotypes in the test sets, similarly to what 
proposed in genome-wide prediction studies. In addition Means Squared Errors and their standard deviations were 
obtained. 
Bayesian Lasso. For each fold/trait/time point combination two models were fitted: 
A null model (null): 
𝐲𝐲=𝜇𝜇+𝐗𝐗𝐗𝐗+𝐞𝐞 
 
where: y was one of traits mentioned in the previous section, μ was a population mean, b was a vector of fixed 
effects which included: sex (2 levels), replicate (6 levels), sire (28 levels), plus the covariate of weight at 
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weaning, e, was a vector of random residuals assumed 𝑁𝑁(0,𝜎𝜎2𝑎𝑎)N(0,σe2) and Xwas an incidence matrix relating 
observations to fixed effects. 
A model including the microbiome (biom): 
 
𝐲𝐲=𝜇𝜇+𝐗𝐗𝐗𝐗+𝐖𝐖𝐖𝐖+𝐞𝐞 
 
where: o was a vector of OTUs effects (1755 levels), W was a matrix of centered and scaled OTUs counts and the 
remainings were as in the previous model. 
We fitted the BL regression model as implemented by the R package BGLR. OTU counts were fitted to the model 
with the use of a double exponential prior distribution. BGLR models double-exponential density as a mixture of 
scaled normal densities. In the first level of the hierarchy, marker effects are assigned independent normal densities 
with null mean and OTU-specific variance parameter 𝜏𝜏2𝑠𝑠𝜎𝜎2𝑎𝑎. The residual variance was assigned a scaled-inverse 
Chi-square prior density. BGLR provides a convenient way to choose priors shape through the R2 flag. R2 can 
roughly be interpreted as the expected variance proportion explained by the effect included in the model. For the 
residual effects default degrees of freedom of 5 were employed and an R2 of 0.60. Prior scale parameter where then 
obtained as 𝑆𝑆𝑝𝑝=𝑉𝑉𝑎𝑎𝑒𝑒(𝑦𝑦)(1−𝑅𝑅2)(𝑑𝑑𝑓𝑓𝑝𝑝+2), with Sp and dfp the scale and degrees of freedom, respectively. OTUs 
specific scale parameters, 𝜏𝜏2τ2 are assigned IID exponential densities with rate parameter λ2/2. The hyper 
parameter λ was in this case fixed and its value was assigned through a grid search on the full dataset/trait 
combinations (results not shown). 
Random Forest. The general form of the null model employed here was (following González-Recio and Forni): 
 

𝑦𝑦 = 𝜇𝜇 + �𝑐𝑐𝑙𝑙ℎ𝑙𝑙(𝑦𝑦;𝑋𝑋)
𝑇𝑇

𝑙𝑙=1

 

 
while the biom model was: 
 

𝑦𝑦 = 𝜇𝜇 + �𝑐𝑐𝑙𝑙ℎ𝑙𝑙(𝑦𝑦;𝑋𝑋 + 𝑊𝑊)
𝑇𝑇

𝑙𝑙=1

 

 
 
Each tree ℎ𝑒𝑒(𝑦𝑦;𝑋𝑋) or ℎ𝑒𝑒(𝑦𝑦;𝑋𝑋+𝑊𝑊) for 𝑒𝑒∈(1,𝑂𝑂) was constructed from a random sample of the original data, and at each 
node a subset of features were randomly selected to create the splitting rule. Each tree was grown to the largest 
extent possible until all terminal nodes were maximally homogeneous. The parameter ct is a shrinkage factor 
averaging the trees. The quality of split in RF can be measured through different criteria. For the current analysis 
mean square error (MSE) was employed. The remaining parameters of RF models in this work were set as follows: 
i) the number of trees was set equal to 1500; ii) the number of features to consider when looking for the best split 
was equal to the root of the number of original features. The bigrfpackage of R was used to fit RF models to the data. 
 
Gradient Boosting. The general form of the null model employed here was (again following González-Recio and 
Forni): 
 

𝑦𝑦 = 𝜇𝜇 + � 𝜈𝜈ℎ𝑖𝑖(𝑦𝑦;𝑋𝑋)
𝑀𝑀

𝑖𝑖=1

 

 
 
while the biom model was: 
 
 

𝑦𝑦 = 𝜇𝜇 + � 𝜈𝜈ℎ𝑖𝑖(𝑦𝑦;𝑋𝑋 + 𝑊𝑊)
𝑀𝑀

𝑖𝑖=1
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Each predictor ℎ𝑓𝑓(𝑦𝑦;𝑋𝑋) or ℎ𝑓𝑓(𝑦𝑦;𝑋𝑋+𝑊𝑊) for 𝑒𝑒∈(1,𝑀𝑀) was, in this case, applied consecutively to the residual from the 
committee formed by the previous ones, the bagging step remaining similar to what described before. 
The gbm package of R was used to fit GBM models to the data. A gaussian loss function was employed. Other 
parameters in the GBM models were set as follow: i) the number of trees was set equal to 1500; ii) the interaction 
depth was set at 3; iii) the shrinkage parameter ν was set at 0.01. 
 
Reproducing Kernel Hilbert Space. Two RKHS models were fitted: 
 
A null model (null): 
 
𝐲𝐲=𝜇𝜇+𝐗𝐗𝐗𝐗+𝐞𝐞 
 
and a (biom) model of form: 
 
𝐲𝐲=𝜇𝜇+𝐗𝐗𝐗𝐗+𝐙𝐙𝐙𝐙+𝐞𝐞 
 
where Z is an incidence diagonal matrix and u is a random vector of pig effects 
assumed 𝑁𝑁(0,𝐌𝐌𝜎𝜎2𝑢𝑢)N(0,Mσu2). M was the kernel matrix based on microbiome composition, and its computation 
was as follows: 
microbiome was used at the OTU level to compute the Jensen-Shannon distance between pairs of samples 
 
The resulting square matrix (hereafter “JSD”) had zero on the diagonal, and values ranging between 0 and 1 on th 
off-diagonal. The M matrix was obtained as 1 − JSD. The RKHS regression model was implemented with the R 
package BGLR within a bayesian setting. Prior for 𝜎𝜎2𝑢𝑢 and 𝜎𝜎2𝑎𝑎where chosen as highlighted in the previous section. 
R2 values for the two parameters were set at 0.3 and 0.6, respectively. 
 
Post-analysis 
 
In order to provide a comprehensive assessment of all the factors in the design we conducted a post-analysis of the 
experiment with the use of a standard Linear Mixed Model (LMM). All combinations of replicate/trait/method were 
pooled in a single dataset. The following LMM was then fitted 
 
𝑦𝑦𝑓𝑓𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓=𝑂𝑂𝑓𝑓+𝐴𝐴𝑖𝑖+𝑂𝑂𝑒𝑒𝑖𝑖+𝐵𝐵𝑓𝑓+𝑂𝑂𝐴𝐴𝑓𝑓𝑖𝑖+𝑂𝑂𝑂𝑂𝑒𝑒𝑓𝑓𝑖𝑖+𝑂𝑂𝐵𝐵𝑓𝑓𝑓𝑓+𝐴𝐴𝑂𝑂𝑒𝑒𝑖𝑖𝑖𝑖+𝐴𝐴𝐵𝐵𝑖𝑖𝑓𝑓+𝑂𝑂𝐴𝐴𝑂𝑂𝑒𝑒𝐵𝐵𝑓𝑓𝑖𝑖𝑖𝑖𝑓𝑓+ 𝑎𝑎𝑓𝑓𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 
 
where yijklm is the accuracy of each replicate/trait/method combination; Ti is the fixed effect of the microbiome 
timepoint measurement (3 levels: wean, 15 wk, 22 wk); Aj is the fixed effect of the algorithm used (4 levels: BL, 
RKHS, RF, GBM); Trk is the fixed effect of the trait (12 levels: ADGBto14, ADGWto14, ADG14to22, 
ADG14toMKT, Week14Wt, Week14BF, Week14LD, Week14LEA, Week22Wt, Week22BF, Week22LD, 
Week22LEA); Bl is the fixed effect of the microbiome inclusion (2 levels: 
null,biom); TAij TTrik TBil ATrjk and ABjl are the pairwise interactions of the main effects; TATrBijkl is the random 
interaction effect of T, A, Tr and B assumed 𝑁𝑁(0,𝜎𝜎2𝑂𝑂𝐴𝐴𝑂𝑂𝑒𝑒𝐵𝐵)N(0,σTATrB2); and eijklm is the random residual effects 
assumed N(0, σ2). The LMM model was fitted with the R package lme4. Type III ANOVA table, least square means 
and contrasts were obtained with the R package lmerTest. 
 
 
 
 
 
 
 
 
 
 



 12 

Results:   
 
 
Results Objective 1  
 
Distribution of taxonomic abundance 

The results shown in Figure 1 describe the abundance of microbial taxa at six different levels (phylum, 
class, order, family, genus, and species) at three different stages of pig development (weaning, 15 weeks of age, and 
off-test). There were 14, 21, 29, 54, 106, and 202 identified phyla, classes, orders, families, genera, and species, 
respectively. Details of the distributions are provided in Additional file 4. Over the 3 time points, 95.79 - 97.80% of 
bacteria were classified into six phyla: Firmicutes, Bacteroidetes, Proteobacteria, Fusobacteria, Spirochaetes, and 
Actinobacteria. Bacteria that were in the phylum Firmicutes represented the largest proportion of the total 
population followed by Bacteroidetes. These two phyla accounted for 73.61, 95.35, and 93.03% of all bacteria at 
weaning, week 15, and off-test, respectively. As the animals aged, the proportion of bacteria in the phylum 
Firmicutes increased, while the proportion of bacteria in the phylum Bacteroidetes decreased. At the phylum level, 
the proportion of bacteria that fell into the non-classified group was 3.86, 2.12, and 2.62% at weaning, week 15, and 
off-test, respectively. 

Among the identified genera, two (Ruminobacter and Akkermansia) were unique to the weaners, 101 were 
present in all three age groups, one (Anaerotruncus) was present only in the weaners and the 15-weekers, one 
(Cellulosilyticum) was present only in the weaners and the off-test, and one (Anaerostipes) was present only in the 
15-weekers and off-test animals. The number of genera that had significantly different abundance counts (at least P 
< 0.01 with Bonferroni correction for multiple testing) between weaning and week 15 was 90, between weaning and 
off-test was 100, and between week 15 and off-test was 82. A full list of P-values from Kruskal-Wallis tests at the 
genus level is provided in Additional file 5. Clostridium significantly increased in counts over time, from 8.18% at 
weaning to 15.50% and 17.80% at week 15 and off-test, respectively (P < 0.001 and P < 0.001, respectively). Other 
predominating genera at weaning included Escherichia, Bacteroides, and Prevotella with 7.73%, 7.30%, and 6.78% 
of the total sequences, respectively. The proportions of Escherichia and Bacteroides dropped significantly (P<0.001) 
to 0.17% and 0.15% at week 15, and 0.23% and 0.40% at off-test, respectively, whereas the proportion of Prevotella 
significantly increased to 13% at week 15, then significantly (P<0.001) dropped to 6.74% at off-test. 

At the species level, there were 203 identified species, of which 7 species (Parabacteroides goldsteinii, 
Blautia glucerasea, Anaerotruncus sp. NML 070203, Anaerotruncus colihominis, Bacteroides nordii, Bacteroides 
caccae, Bacteroides eggerthii) existed only at weaning and week 15, 4 species (Clostridium methylpentosum, 
Ruminococcus albus, Bacteroides galacturonicus, Porphyromonas bennonis) existed only in the week-15 and off-
test individuals, 2 species (Cellulosilyticum ruminicola, Collinsella stercoris) were present only in the weaners and 
off-test animals, and 3 species (Akkermansia muciniphila, Ruminobacter amylophilus, Alistipes putredinis) were 
found exclusively in the weaners. Remarkable shifts in the abundance of sequences were observed in E. coli (7.66%, 
0.17%, 0.23% at weaning, week 15, off-test, respectively), P. djf_ls16 (3.93%, 0.43%, 0.13%), B. fragilis (2.70%, 
0.002%, 0.06%), C. jejuni (1.70%, 0.01%, 0.01%), S. gallolyticus (1.67%, 9.19%, 8.64%). 

Principal component analyses were carried out at the phylum, class, order, family, genus, and species 
levels. Scatter plots, based on the first 2 principal components (hereafter “PC1” and “PC2”), of all samples at the 3 
time points are presented in Figure 2. At each taxonomic level, PC1 mainly separated the weaners from the other 
two groups, whereas PC2 distinguished the 15-week olds from the off-test individuals. However, the effect of PC2 
was clearly seen only in analyses at the family, genus, and species levels. Proportions of total variance explained by 
PC1 and PC2 are presented in Table 1. At the phylum level, PC1 and PC2 accumulatively accounted for 97.25% of 
the total variation. This proportion decreased to 75.04, 69.41, 44.38, 40.78, and 41.65% in analyses using the lower 
taxonomic levels, class, order, family, genus, and species, respectively. 

Table 1 also reveals that bacteria in the phylum Firmicutes were the main driver separating the weaners 
from the other two groups. They contributed to 75.39% of the variation in PC1. Two phyla, Proteobacteria and 
Bacteroidetes explained a total of 81.55% of PC2, which separated the 15-week olds from the off-test pigs. At the 
species level, PC1 was heavily loaded by ten species that distinguished the weaners from the other two groups, 
including S. gallolyticus, T. sanguinis, C. butyricum, C. catus, E. coli, B. fragilis, B. vulgatus, C. jejuni, C. scindens, 
and C. bolteae. PC2 was heavily loaded by the species that separated the 15-weekers from the off-test pigs, 
including E. coli, T. sanguinis, L. amylovorus, O. sp. g2, P. sp. DJF b116, P. copri, P. sp. DJF ls16, P. sp. rs2, D. 
formicigenerans, and M. elsdenii. 
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Clustering pigs’ fecal microbiomes into enterotypes 
 
The highest CH and RS were obtained for two clusters for both male and female samples collected at weaning, week 
15, and off-test. We combined male and female samples at each time point, and re-ran the CH test for optimal 
number of clusters. The CH indexes at each time point and clusters of samples corresponding to the optimal number 
of clusters are presented in Figure 3. The optimal number of clusters for samples at each of the 3 time points was 2. 
We named them A and B at weaning, C and D at week 15, E and F at off-test. The number of males and females in 
clusters A, B, C, D, E, and F were 166 and 226, 443 and 370, 276 and 291, 354 and 374, 399 and 438, 219 and 217, 
respectively. The samples at each time point appeared to form 2 distinct clusters (Figure 3). 

Compositional characteristics of the enterotypes were studied, and genera that significantly (absolute LDA 
score > 2) separated one enterotype from the other at each time point are presented in Figure 4. The overall 
observation was that at weaning type-A and type-B samples were significantly distinguished by 41 genera, of which 
14 genera, leading by Escherichia, were more abundant in type-A samples than in type-B samples, and 27 genera, 
leading by Prevotella, were significantly more abundant in type-B samples than in type-A ones. Enterotypes C and 
D at week 15, and enterotypes E and F at off-test were significantly distinguished by 24 and 26 genera, respectively. 
Both type-C and type-E samples at week 15 and off-test, respectively, were significantly dominated by Clostridium 
and Turicibater; whereas both type-D and type-F samples at week 15 and off-test, respectively, were significantly 
enriched by Lactobacillus and Streptococcus. 

 Using model (1.2), we tested the potential impacts of enterotypes A, B, C, and D on BF_18, BF_22, 
ADGw_14, and ADG14_22, as well as the effect of enterotypes E and F on BF_22 and ADG14_22. Enterotypes A 
and B did not have significant effect on the traits (all P > 0.05). Enterotypes C and D had significant effect on 
BF_18 (P < 0.001) and BF_22 (P < 0.001), but not on ADGw_14 and ADG14_22 (both P > 0.05). Enterotypes E 
and F had significantly effect on BF_22 but not on ADG14_22. Enterotypes D and F were both signifcantly enriched 
mainly with Lactobacillus, Streptococcus, and Prevotella compared to Clostridium-enriched enterotypes C and E, 
and our analysis revealed that enterotype D at week 15 caused an increase of 0.08cm and 0.10cm in backfat 
thickness at week 18 (BF_18) and week 22 (BF_22), respectively, compared to enterotype C. Similarly, enterotype 
F caused an increase of 0.10cm in BF_22 compared to enterotype E. 

A subset of 1039 animals that had samples collected at weaning, week 15, and off-test, was used to 
evaluate the frequency with which individual animals transitioned between enterotypes as they developed. The 
percentage of type-A weaners developing into types C and D at week 15 was 43.11 and 56.89%, respectively. For 
type-B weaners, 41.26 and 58.74% of them became type C and D, respectively. From weaning, 32.55 and 32.66% of 
type-A and type-B pigs, respectively, grew to type-F pigs at off-test. From week 15, 22.07 and 40.23% of type-C 
and type-D pigs, respectively, joined the type-F group at off-test. A detailed breakdown of the number of samples in 
each enterotype is provided in Additional file 6. 

We tested whether or not the distribution of samples in enterotypes (see Additional file 7) was affected by 
the family factor, using contingency tables and a Chi-squared test in R. Sire families had significant impact on the 
distribution of animals into enterotypes at weaning (P < 0.005), week 15 (P < 0.05), and off-test (P < 0.001).  
Longitudinal analysis of microbiome diversity 

Alpha diversity of the microbiome was evaluated using the Shannon index, and plotted in Figure 5 by sex 
and time point. At weaning, the average Shannon indices for type-A and type-B weaners was 3.33 ± 0.67 and 4.13 ± 
0.43 in the males and 3.21 ± 0.68 and 4.18 ± 0.43 in the females, respectively. Results from t-tests showed that those 
means were significantly different between types A and B in both male and female weaners (P < 0.001). At week 15, 
types C and D had an average Shannon indices of 4.50 ± 0.30 and 4.47 ± 0.29 in males and 4.60 ± 0.26 and 4.57 ± 
0.27 in females, respectively. These averages were insignificantly different between the 2 enterotypes in both sex 
groups (P > 0.05). The average Shannon indices for type-E and type-F off-test pigs were 4.57 ± 0.32 and 4.59 ± 0.31 
in males, and 4.67 ± 0.28 and 4.73 ± 0.23 in the females, respectively. Significant difference in the Shannon index 
between type-E and type-F animals was observed only in the female pigs (P < 0.01). 

The test from model (1) showed a significant impact of age (P < 0.001), family (P < 0.05), sex (P < 0.05), 
and bs (P < 0.001) on the alpha diversity of a microbiome as measured using the Shannon index. The effect of dl 
was not significant (P > 0.05) and was thus removed in subsequent analyses. There was significant interaction 
between age and family (P <0.001).  

Longitudinal changes in random effects of family were estimated using model (1.1), and are plotted in 
Figure 6, which shows a group of 14 families (1, 2, 5, 7, 8, 12, 13, 14, 15, 16, 17, 21, 23, 25) with negative estimated 
effect on the Shannon index at weaning, indicating their diversity was below the average of the 28 families 
investigated. The other 14 (3, 4, 6, 9, 10, 11, 18, 19, 20, 22, 24, 26, 27, 28) families had their estimated family effect 
above the population mean. The latter group appears to show a trend, though not consistently across the 14 families, 
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where families that had very high diversity at weaning tended to have very low diversity at week 15 and off-test. 
This tendency is even less consistent in the other group of 14 families. Pearson’s correlation for the estimated family 
effect on the diversity between weaning and week 15 was -0.70, between week 15 and off-test was -0.82, between 
week 15 and off-test was 0.98. 

 Analyses performed at individual time points, and described in model (2), revealed significant impact of 
sex (P<0.05) and bs (P<0.001), and insignificant effect of family (P>0.05) at weaning. At week 15 and off-test, both 
family and sex effects were significant (P < 0.001), whereas the bs effect was insignificant (P>0.05). 

We considered the index as a phenotypic record and hence attempted to estimate its genetic parameters. 
The results from model (3), not including the litter effect, are presented in Table 2, suggesting that the measure was 
lowly heritable at weaning and week 15 (0.04 ± 0.04 and 0.15 ± 0.06, respectively), but moderately heritable at off-
test (0.33 ± 0.10). Very weak negative phenotypic correlation were detected between weaning and week 15 (-0.01 ± 
0.03), as well as between weaning and off-test (-0.04 ± 0.03). Considering the standard error, those correlations were 
almost zero. However, the measures at week 15 were positively correlated with those at off-test phenotypically, 0.15 
± 0.03. Genetically, the index at weaning was negatively correlated with those at week 15 and off-test, respectively -
0.17 ± 0.48 and -0.34 ± 0.47. However, the genetic correlation for this index between week 15 and off-test was 0.44 
± 0.25.  
Table 2. Estimated genetic parameters1 of the Shannon index and their standard errors 

 Weaning Week 15 Off-test 
Weaning 0.04 ± 0.04 -0.01 ± 0.03 -0.04 ± 0.03 
Week 15 -0.17 ± 0.48 0.15 ± 0.06 0.15 ± 0.03 
Off-test -0.34 ± 0.47 0.44 ± 0.25 0.33 ± 0.10 

 1Model not including litter effect. Values on the diagonal are heritability; above the diagonal are phenotypic 
correlations; below the diagonal are genetic correlations. 

We also estimated genetic parameters of OTU richness and observed a trend similar to the one found with 
the Shannon index. Table 3 shows almost zero heritability, 0.03 ± 0.04, for the OTU richness at weaning, but 
moderate heritabilities of 0.26 ± 0.08 and 0.24 ± 0.08 at week 15 and off-test, respectively. A very weak genetic 
correlation was estimated between weaning and week 15 (0.07 ± 0.52), whereas the estimated genetic correlations 
between weaning and off-test, as well as between week 15 and off-test were 0.25 ± 0.53, and 0.11 ± 0.25, 
respectively. Very large standard errors were observed for the genetic correlations between weaning and week 15, as 
well as between weaning and off-test for the Shannon index and OTU richness. 
Table 3. Estimated genetic parameters1 of the OTU richness and their standard errors 

 Weaning Week 15 Off-test 
Weaning 0.03 ± 0.04 0.00 ± 0.03 -0.02 ± 0.03 
Week 15 0.07 ± 0.52 0.26 ± 0.08 0.07 ± 0.03 
Off-test 0.25 ± 0.53 0.11 ± 0.25 0.24 ± 0.08 

 1Model not including litter effect. Values on the diagonal are heritability; above the diagonal are phenotypic 
correlations; below the diagonal are genetic correlations. 

Tables 4 and 5 show genetic parameters of the Shannon index and OTU richness estimated using model 
(4). Heritabilities of the Shannon index and OTU richness at weaning were 0.02 ± 0.04 and 0.01 ± 0.03, 
respectively. It should be noted that small estimated additive genetic variances at weaning might have inflated 
estimated covariances between weaning and the other two time points. The estimated heritabilities of the Shannon 
index and OTU richness slightly changed to 0.16 ± 0.07 and 0.24 ± 0.09, respectively, at week 15, whereas they 
decreased to 0.22 ± 0.09 and 0.20 ± 0.08, respectively, at off-test. Interestingly, the genetic correlation between 
week 15 and off-test for the Shannon index and OTU richness increased remarkably to 0.65 ± 0.23 and 0.39 ± 0.27, 
respectively.  

 
Table 4. Estimated genetic parameters1 of the Shannon index and their standard errors 

 Weaning Week 15 Off-test 
Weaning 0.02 ± 0.04 -0.01 ± 0.03 -0.04 ± 0.03 
Week 15 -0.23 ± 0.49 0.16 ± 0.07 0.16 ± 0.03 
Off-test -0.96 ± 0.43 0.65 ± 0.23 0.22 ± 0.09 

 1Model including litter effect. Values on the diagonal are heritability; above the diagonal are phenotypic 
correlations; below the diagonal are genetic correlations. 
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Table 5. Estimated genetic parameters1 of the OTU richness and their standard errors 
 Weaning Week 15 Off-test 
Weaning 0.01 ± 0.03 0.00 ± 0.03 -0.03 ± 0.03 
Week 15 - 0.24 ± 0.09 0.08 ± 0.03 
Off-test - 0.39 ± 0.27 0.20 ± 0.08 

 1Model including litter effect. Values on the diagonal are heritability; above the diagonal are phenotypic 
correlations; below the diagonal are genetic correlations. 

Tables 6 and 7 present genetic parameters of the Shannon index and OTU richness estimated using model 
(5). Adding the random effect of pen in model (5) accounted for the immediate environment shared among pen 
mates at week 15 and off-test. This led heritability estimates for the Shannon index to decrease slightly to 0.15 ± 
0.07 and 0.20 ± 0.09 at week 15 and off-test, respectively; heritability estimates for OTU richness also decreased 
slightly to 0.23 ± 0.09 and 0.17 ± 0.08 at week 15 and off-test, respectively, when compared to the estimates from 
model (4). The genetic correlation for the 2 traits between week 15 and off-test increased to 0.75 ± 0.26 and 0.52 ± 
0.29, respectively. Our results might suggest there is very little or no influence of the host’s genetics on gut 
microbiome diversity at weaning, when the gut microbiota may be significantly influenced by environmental factors 
coincident with the weaning process. 
Table 6. Estimated genetic parameters1 of the Shannon index and their standard errors 

 Weaning Week 15 Off-test 
Weaning - - - 
Week 15 - 0.15 ± 0.07 0.16 ± 0.03 
Off-test - 0.75 ± 0.26 0.20 ± 0.09 

 1Model including litter effect and pen effect. Values on the diagonal are heritability; above the diagonal are 
phenotypic correlations; below the diagonal are genetic correlations. 

Table 7. Estimated genetic parameters1 of the OTU richness and their standard errors 
 Weaning Week 15 Off-test 
Weaning - - - 
Week 15 - 0.23 ± 0.09 0.08 ± 0.03 
Off-test - 0.52 ± 0.29 0.17 ± 0.08 

 1Model including litter effect and pen effect. Values on the diagonal are heritability; above the diagonal are 
phenotypic correlations; below the diagonal are genetic correlations. 

Relationships between Sha_w and Sha_15 with BF_18, BF_22, ADGw_14, and ADG14_22 are provided 
in Table 8. The phenotypic correlations between the Sha_w and BF_18, BF_22, ADGw_14, ADG14_22 were all 
positive, between 0.03 and 0.06, whereas the correlations between Sha_15 and those 4 traits were all negative, 
between -0.10 and -0.08. Genetic correlations between BF_18, BF_22, ADGw_14, ADG14_22 and Sha_w were 
0.38 ± 0.43, 0.55 ± 0.41, -0.73 ± 0.51, and 0.44 ± 0.48, respectively, whereas their correlations with Sha_15 were -
0.53 ± 0.23,    -0.45 ± 0.25, -0.53 ± 0.32, and -0.53 ± 0.29, respectively. The genetic correlations between Sha_15 
and the 4 traits were all strong and more consistent than the estimates between those 4 traits with Sha_w, which had 
very large standard errors. This result might suggest that Sha_15 in our data could be a better predictor of BF18, 
BF22, ADGw_14, and ADG14_22 than Sha_w. 
Table 8. Heritability and phenotypic/genetic correlations between backfat, average daily gain, and Shannon index at 
weaning and week 15 

 Sha_w Sha_15 BF_18 BF_22 ADGw_14 ADG14_22 
Sha_w 0.04±0.04 - 0.05±0.03 0.06±0.03 0.04±0.03 0.07±0.03 
Sha_15 - 0.18±0.08 -0.10±0.03 -0.08±0.03 -0.09±0.03 -0.09±0.03 
BF_18 0.42±0.50 -0.53±0.23 0.30±0.11 - 0.43±0.03 0.31±0.03 
BF_22 0.52±0.49 -0.45±0.25 - 0.28±0.10 - 0.45±0.03 
ADGw_14 -0.73±0.51 -0.53±0.32 0.29±0.32 - 0.09±0.06 - 
ADG14_22 0.44±0.48 -0.53±0.29 0.10±0.29 0.24±0.28 - 0.17±0.08 

Sha_w: Shannon index at weaning; Sha_15: Shannon index at week 15; BF_18: backfat thickness at week 
18; BF_22: backfat thickness at week 22; ADGw_14: average daily gain from weaning to week 14; ADG14_22: 
average daily gain from week 14 to week 22. Values on the diagonal are heritability; above the diagonal are 
phenotypic correlations; below the diagonal are genetic correlations. 
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Fig. 1 Distribution of abundance of microbiome taxa at various levels over weaning, week 15, and off-test. The y-
axis is average proportion of relative abundance. The legend boxes list only the 10 most abundant taxanomic 
identity at each level 

 
Fig. 2 Scatter plots of samples at weaning (red circles), week 15 (green circles), and off-test (blue circles) by 
principal component 1 (PC1) and principal component 2 (PC2) at six taxonomic levels 
 
 

 
 
Fig. 3 Calinski-Harabasz indexes (CH) for number of potential clusters of samples at weaning, week 15, and 
off-test. The highest CH value at each time point indicates optimal number of cluster/enterotypes. Samples at 
weaning formed two clusters, A and B. Samples at week 15 formed two clusters, C and D. Samples at off-test 
formed two clusters, E and F 
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Fig. 4 Effect size of genera that separate two enterotypes at weaning (A and B), week 15 (C and D), and off-test (E 
and F). The bar length represents a log10-transformed linear discriminant score. The colors represent which 
enterotype a genus is found to be more abundant compared to the other enterotype. Only absolute values of the 
effect size are considered when comparing one genus to another 
 
 

 
 
Fig. 5 Box plots of the Shannon index in each enterotype by sex at weaning, week 15, and off-test 
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Fig. 6 Family effect on the Shannon index estimated for each family at weaning, week 15, and off-test 
 
 
Carcass and Quality association 
 
Data summary, distribution of alpha diversity and variance contributed by each sample 
Mean and standard deviation for each meat quality and carcass composition traits are given in Table 1. There were 9 
meat quality traits and 6 carcass composition traits. Number of individual samples were 1,123 that has genotypic, 
phenotypic and microbiome information at each stage. Distribution of OTUs among weaning, wk_15 and off_test is 
given in Figure. 1A. Out of 1,755 OTUs at each stage, there were 1,580 OTUs in common between weaning, wk_15 
and off_test. There were more OTUs (105) in common between wk_15 and off_test than in between weaning and 
wk_15 (46) and weaning and off_test (10). Distinct OTUs for weaning, wk_15 and off_test were 10, 1 and 3 
respectively. 
Alpha diversity is a measure of within-sample diversity. It measures the richness of species and is measured as the 
number of species in a sample of standard size (Whittaker, 1972). Distribution of alpha diversity among weaning, 
wk_15 and off_test is given in Figure 1B. Alpha diversity was higher for off_test and wk_15 in comparison to 
weaning. This was in concordant with similar studies in pigs and other organisms (Frese et al., 2015; Guevarra et al., 
2019; Lu et al., 2018). The increase in alpha diversity with age as well as its stabilization was similar to what 
previously found by different authors (L. Chen et al., 2017; H. B. Kim et al., 2011; Looft & Allen, 2012; Thompson, 
Wang, & Holmes, 2008). The change in diet in piglet from sow’s milk to complete feed-based diet might have 
caused the shift in microbial diversity after weaning. Different researchers (Frese et al., 2015; Konstantinov et al., 
2006) reported that change in the diet impact significantly the microbiota composition in gut. Immature gut 
microbiota at weaning is sensitive to environmental factors affecting the gut ecosystem and succession continues 
until it reaches to climax (Chen et al., 2017). This explained the similarities of alpha diversities at wk_15 and 
off_test. During weaning, piglets undergo through various stressful events like separation from mother, change in 
physical environment, transportation as well and most notably a switch of diet from liquid milk to solid grower diet. 
To adapt all these changes, the function and structure of intestine also changes (Han et al., 2018) which might 
contribute to the differences of microbial diversity from weaning to wk_15 and off_test. 
 
 
Microbiability estimates 
The proportion of variance explained by each random term for meat quality and carcass composition traits are 
presented in Figure 2 and Figure 3, respectively. The estimates of microbiability and variance components along 
with their respective standard error are provided (See additional File 3). The results identified several traits with 
significant microbiability (See additional file 3).  
The microbiability of carcass composition traits were higher than the meat quality traits. In all cases microbiabilities 
for both meat quality and carcass composition traits at weaning were negligible and ranged from zero for several 
traits to a maximum of 0.06 ± 0.03 (estimate±SE) for CADG. Three of the 9 meat quality traits investigated have 
significant microbiability at wk_15, with estimate of 0.07±0.03 for SMARB, 0.08±0.03 for SFIRM and 0.10±0.04 
for MINB. At off_test 4 meat quality traits have significant microbiability with estimates of 0.06±0.02 for IMF, 
0.09±0.04 for MINA, 0.11±0.04 for MINB and 0.13±0.04 for SFIRM. For carcass composition traits, we found 5 
out of 6 traits that we tested were significantly affected by microbiome during wk_15 and off_test. The 
microbiability of carcass composition traits at wk_15 ranged from 0.12 ± 0.04 for LOIN and FD to 0.20 ± 0.04 for 
BEL. The microbiability of carcass composition traits at off_test ranged from 0.13 ± 0.05 for LOIN to 0.29 ± 0.05 
for BEL. Loin depth did not have significant contribution of microbiome. The lack of microbiome effect during 
weaning might be due to the lack of variation among the microbes because until weaning the piglets are only based 
on sow’s milk and have not been exposed to other environmental factors like diet, stress etc. To our knowledge this 
is the first attempt to obtain microbiability estimates for meat quality and carcass composition traits. We did not find 
any literature to compare the estimates with previous research.  
Addition of microbiome relationship matrix accounts for both alpha and beta diversity as total microbiome variation 
within and between individuals are taken into account simultaneously (Difford et al., 2018). Among meat quality 
traits, at off_test SFIRM, MINB had higher proportion of microbiome variance than genetic variance that affect the 
trait (Figure 2). Among carcass composition traits, BEL, HAM, and CADG had higher proportion of microbiome 
variance than genetic variance (Figure 3) at off_test. These results indicated that a significant proportion of total 
variance is explained by genomic and microbiome relationship matrices. Hence, genomic prediction of traits from 
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host’s genome only might not be accurate when the variation in traits caused by microbiome is not taken into 
account. The prediction of complex traits which are closely associated with microbiome require the metagenomic 
information in addition to genomic information for maximization of accuracy in bovine and human respectively 
(Ross, Moate, Marett, Cocks, & Hayes, 2013; Rothschild et al., 2018). The results highlighted the possibility of 
changing the optimized gut microbiota to indirectly improve the meat quality and carcass composition traits. 
 We found that there was a decrease in genomic heritability for most of the carcass composition traits at off_test. 
The decrease in heritability is up to 10% for FD. At wk_15 decrease in heritability was up to 4% for FD. There was 
no decrease in genomic heritability at weaning. The decrease in heritability for FD was concordant with Lu et al. 
(2018) who demonstrated the decrease in heritability for back fat week 22.  He et al. (2016)  also reported the 
significant contribution of microbiome in porcine fatness. For most of the meat quality traits inclusion of microbial 
composition did not affect the estimates of genomic heritability suggesting that for meat quality traits, gut microbial 
composition is the part of environmental effect. The decrease in genomic heritability as we included the microbiome 
composition in the models was in concordant with Sandoval-Motta et al. (2017) who reported the possibility of 
overestimation of heritability values with the use of genetic similarities by kinship information. The authors also 
suggested that inclusion of genetic diversity of individual and microbiome will most likely increase the accuracy of 
heritability of various traits. The heritability and microbiability estimation of daily gain, feed intake and feed 
conversion ratio in swine by Camarinha-Silva et al. (2017) and methane emission in cattle by Difford et al. (2018) 
strongly suggested the significant contribution of microbiome in the total variation in the complex phenotypes of 
livestock. In human, Richards et al. (2018) reported that host genes are affected by the microbiome and are involved 
in the complex traits. These previous studies agreed with our results. Our results also agreed with Zilber-Rosenberg 
& Rosenberg. (2008) who reported the concept of hologenome theory of evolution, where the animal or plant along 
with associated microorganisms are the unit of selection in evolution. So, microbiome could be manipulated to 
enhance the health status and improve traits in swine.  
 
Correlation of meat quality and carcass composition traits with alpha diversity at different stages 
Host genetics play a major role in shaping the intestinal microbiota of mice and humans (Büsing & Zeyner, 2015; 
Dąbrowska & Witkiewicz, 2016; Hancox et al., 2015). Kubasova et al. (2018) and Chen et al. (2018) reported the 
impact of host genetics on development of gut microbiota in pigs. So, the alpha diversities at weaning, wk_15 and 
off_test were considered as separate phenotypic records and genetic correlations were estimated between different 
alpha diversities and other traits measured. The results are presented in Table 2 suggesting very weak correlations 
for alpha_w for all traits measured. Correlation between all traits and alpha_w was almost zero if we consider the 
standard error. For meat quality traits, there was very weak correlation with alpha_15 except MINA (-0.45±0.19). 
This indicated that greater alpha diversity lessens the red color of meat because MINA is related to the amount of 
myoglobin in muscle, which make muscle red in color. There was weak correlation of alpha_15 with carcass 
composition traits except with CADG (-0.43±0.19),  which suggested that the increase in diversity decrease the 
average daily gain which agreed with Lu et al. (2018) and could be used as indicator for genetic selection. However, 
this is in contrast with general opinion that the diversity will increase the metabolite production from different 
microbiota and increase the weight of host. There was weak correlation of alpha_ot with growth, carcass and meat 
quality traits (Table 2). 
This study is the first to estimate the genetic and phenotypic correlation between alpha diversity, and carcass and 
meat quality traits. The results suggested that diversity at weaning might not be an accurate predictor of growth, 
carcass and meat quality traits which agreed with Huttenhower et al. (2012). Alpha diversity was reported to be 
associated with gut health of animal and associated with the normal physiology of host animals (Guevarra et al., 
2019). The major role could include the normal function of gut, enhance immune response and play active role in 
digestion and utilization of nutrients. Gut microbiota provides nutritional compounds to the host in the form of 
various end-products, enzymes, short chain fatty acid and absorption of ions which helps in healthy growth of the 
host (Liu, 2015). If alpha diversity is to be used in the selection index, its genetic parameters immediately after the 
weaning would be beneficial for the selection process in swine industry. Further research is warranted on alpha 
diversity immediately after weaning up to week 15.  
 
Correlation among traits 
In the discussion of correlation, we only focus on microbial correlation. Genomic correlations are not discussed 
because the estimates were similar to previous research in same animals (Khanal et al., unpublished results). 
Microbial correlation was estimated among traits for which microbiome explained at least 3% of total phenotypic 
variance. The microbial correlations were not estimated for weaning because microbiome accounted for less than 
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3% of total variance for any traits. This study is the first to describe the microbial correlation among meat quality 
and carcass composition traits in swine. These correlations add new estimates to the literature.  
 
Correlations among meat quality and carcass composition traits at week 15 
Overall there were 3 meat quality traits and 5 carcass composition traits that have variance of microbiome 
composition greater than 3%. Microbial correlations among meat quality traits at wk_15 are presented in Table 3. 
Most of the microbial correlations were significant. Subjective marbling score was moderately positively correlated 
(0.46±0.24) with FD. This suggested that shifting of microbiota for high marbled meat results in high fat depth. 
Shear force is the measure of tenderness. In this study, the microbial composition of SSF was highly negatively 
correlated with SMARB, SFIRM, FD, CADG, LOIN and BEL which ranged from -0.93±0.11 for SSF and SFIRM 
to -0.50±0.25 for SSF and LOIN. This indicated that increase in microbial composition for less tender meat could 
result in lean meat, reduced average daily gain, loin and belly weight. High positive correlations of SFIRM were 
found with CADG, HAM, LOIN and BEL which ranged from 0.58±0.26 between SFIRM and LOIN to 0.87±0.16 
between SFIRM and BEL. The increment in microbiota for less firm meat would result in reduced average daily 
gain, HAM, LOIN and BEL which in not desirable from producers’ point of view. There were moderate to high 
correlations of microbial composition of FD with CADG, HAM, LOIN and BEL which ranged from 0.44±0.21 
between FD and LOIN to 0.74±0.11 between FD and BEL. This indicated that increase in microbiota for lean meat 
decrease in CADG, HAM, LOIN and BEL. High positive correlations were found between CADG and HAM, LOIN 
and BEL. Belly weight was highly positively correlated with HAM (0.96±0.03) and LOIN (0.94±0.06).  
 
Correlation between meat quality traits and carcass composition traits at the end of test 
There were 6 meat quality traits and 5 carcass composition traits that have variance of microbiome composition 
greater than 3%. The microbial and genomic correlations among meat quality traits at off_test are presented in Table 
4. pH had high positive microbial correlation (0.90±0.25) with SCOL and SFIRM (0.73±0.35). This could be related 
to Ratzke & Gore. (2018) who reported that there are specific bacteria which build lactic acid in the muscle resulting 
in the anaerobic breakdown of glucose and glycogen, which eventually loosens the myofibril, thus scattering more 
light making the muscle pale (Walters, 1975). Furthermore, increasing pH causes swelling of myofibrils (Huff-
Lonergan & Lonergan, 2005) which ultimately makes the muscle firmer. High positive microbial correlation was 
found between IMF and SFIRM (0.91±0.17), MINA (0.55±0.28) and MINB (0.75±0.27). This agreed with Fang, 
Xiong, Su, Huang, & Chen. (2017) who reported that gut bacteria involving in energy metabolism and intramuscular 
fat content in pig also regulate the muscle composition and muscle fibers. Higher microbial correlation of IMF with 
minolta color measurements and SFIRM indicated that microbial composition increasing IMF would make the 
muscle pale and firmer. High microbial correlation of MINA and MINB (0.78±0.16) suggested that microbiota 
responsible for redness of meat also contribute to the yellowness in the meat. This agreed with  Kim et al. (2010) 
who reported the positive correlation of yellowness and redness in the muscle of pig. 
 The microbial and genomic correlations among carcass composition traits at off_test is presented in Table 
5. The microbial composition of carcass composition traits are highly and positively correlated to each other which 
ranged from 0.55±0.17 between FD and LOIN to 0.97±0.02 between CADG and HAM. McCormack et al. (2018) 
reported a positive correlation between gut microbiota and feed efficiency in swine. Gut microbiota has considerable 
effect on feed intake, final body weight (Kubasova et al., 2018) and growth traits (Ramayo-Caldas et al., 2016). All 
these studies suggested that microbial composition has considerable effects on many carcass composition traits, with 
positive correlations between them. This high correlation indicated that all the traits could be simultaneously 
improved through the same microbial composition. 
 The microbial correlations for meat quality traits and carcass composition traits at off_test are presented in 
Table 6. Intramuscular fat was highly correlated with FD (0.90±0.14) and BEL (0.73±0.18). This showed that 
alteration of gut microbiota for high IMF will result in more FD. Firmness score was positively correlated with BEL 
(0.50±0.18). Moderate positive correlation was found between MINA and BEL (0.41±0.21) and high positive 
correlation was found between MINA and FD (0.53±0.18), and MINA and CADG (0.66±0.17). So, the alteration of 
microbiota for lean meat and high daily gain could result in redder meat. Minolta b* has moderate positive 
correlation with FD (0.43±0.19) and high positive correlation with CADG (0.58±0.18): suggesting that increase in 
microbiota for lean meat and high daily gain of carcass would make the meat more yellowish. 
 
Table 1. Descriptive statistics for growth, meat quality, carcass weight and carcass yield traits: acronym, means, standard 
deviation (SD) values.  

Traits Acronym Mean SD 
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Growth traits    

 Loin depth, mm LD 67.99 7.21 

 Back fat depth, mm FD 22.07 5.24 

 Carcass average daily gain, g/day CADG 552.90 73.93 

Meat quality     

 Intra muscular fat, % IMF 2.71 1.01 

 Minolta a* MINA 3.77 1.16 

 Minolta b* MINB -0.16 0.87 

 Minolta L* MINL 45.37 5.76 

 Ultimate pH PH 5.64 0.22 

 Subjective color SCOL 2.72 0.57 

 Subjective marbling SMARB 3.10 0.91 

 Subjective firmness SFIRM 3.05 1.04 

 Slice shear force, N SSF 156.96 41.99 

Carcass weight trait    

 Ham weight, kg HAM 25.19 2.34 

 Loin Weight, kg LOIN 20.01 1.88 

 Belly weight, kg BEL 15.88 2.55 

 
 
Table 2. Genetic correlation of carcass composition traits and meat quality traits with alpha diversity at weaning (alpha_w), week 
15 (alpha_15) and end of test (alpha_off). 

Traits1 alpha_w alpha_15 alpha_off 

Carcass composition     

FD 0.54±0.39 -0.22±0.15 -0.30±0.19 

LD 0.16±0.48 -0.15±0.24 -0.30±0.29 

CADG 0.36±0.39 -0.43±0.19 -0.25±0.24 

HAM -0.13±0.50 -0.13±0.22 0.04±0.26 

LOIN -0.65±0.60 0.16±0.20 0.13±0.24 

BEL 0.02±0.43 -0.31±0.20 -0.41±0.23 

Meat quality    

SCOL 0.31±0.44 -0.09±0.17 -0.25±0.21 

SFIRM 0.50±0.42 -0.21±0.22 -0.22±0.27 

SSF 0.01±0.39 0.11±0.18 0.10±0.22 
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IMF 0.14±0.32 -0.13±0.15 0.001±0.18 

SMARB 0.17±0.37 -0.15±0.18 -0.21±0.21 

MINA 0.78±0.76 -0.45±0.19 -0.30±0.25 

MINB 0.66±0.48 -0.03±0.27 0.50±0.31 

MINL -0.22±0.46 0.05±0.19 0.14±0.23 

PH 0.88±0.60 0.007±0.33 0.43±0.39 
1See table 1 for trait acronym definitions; Numbers in bold are significant. 
 
 
 
Table 3. Estimates of microbial correlation (above diagonal) and genomic correlation (below diagonal) at week 15 among meat 
quality and carcass composition traits. 

 1SMARB SFIRM SSF FD CADG HAM LOIN BEL 

SMARB  0.39±0.33 -0.72±0.28 0.46±0.24 -0.21±0.28 -0.27±0.29 -0.34±0.32 -0.02±0.26 

SFIRM 0.42±0.18  -0.93±0.11 NC2 0.86±0.17 0.62±0.24 0.58±0.26 0.87±0.16 

SSF 0.08±0.16 -0.23±0.21  -0.70±0.21 -0.68±0.22 -0.45±0.25 -0.50±0.25 -0.55±0.24 

FD 0.22±0.11 NC -0.44±0.13  0.68±0.15 0.50±0.19 0.44±0.21 0.74±0.11 

CADG 0.02±0.17 0.03±0.23 0.19±0.18 0.21±0.15  0.98±0.02 0.95±0.03 0.98±0.01 

HAM -0.13±0.18 0.11±0.24 0.27±0.20 0.01±0.15 0.67±0.11  NE3 0.96±0.03 

LOIN -0.09±0.17 0.10±0.23 0.11±0.18 -0.14±0.15 0.69±0.09 0.53±0.11  0.94±0.06 

BEL 0.31±0.17 0.35±0.23 0.18±0.15 0.57±0.11 0.79±0.06 0.42±0.17 0.42±0.15  

1See table 1 for trait acronym definition; 2Not Converged; 3Not estimable; Numbers in bold are significant. 
 
 
 
 
 
 
Table 4. Estimates of microbial correlation (above diagonal) and genomic correlation (below diagonal) at end of test among meat 
quality traits. 

 1SCOL IMF SFIRM MINA MINB PH 

SCOL  -0.28±0.57 0.07±0.31 0.29±0.44 -0.26±0.39 0.90±0.25 

IMF -0.22±0.13  0.91±0.17 0.55±0.28 0.75±0.27 0.10±0.47 

SFIRM 0.18±0.19 0.29±0.17  0.26±0.27 0.12±0.26 0.73±0.35 

MINA 0.45±0.16 0.29±0.14 -0.53±0.28  0.78±0.16 0.33±0.36 
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MINB -0.94±0.22 0.78±0.16 -0.03±0.32 -0.10±0.27  0.38±0.38 

PH 0.13±0.50 -0.18±0.25 0.44±0.36 -0.04±0.33 -0.47±0.42  

1See table 1 for trait acronym definition; Numbers in bold are significant. 
Table 5. Estimates of microbial correlation (above diagonal) and genomic correlation (below diagonal) at end of test among 
carcass composition traits. 

 1FD CADG HAM LOIN BEL 

FD  0.71±0.11 0.59±0.16 0.55±0.17 0.94±0.05 

CADG 0.14±0.15  0.97±0.02 0.91±0.05 0.94±0.03 

HAM -0.10±0.17 0.63±0.13  NE 0.87±0.06 

LOIN -0.13±0.15 0.67±0.10 2NE  0.82±0.08 

BEL 0.49±0.13 0.78±0.07 0.34±0.19 0.40±0.16  

1See table 1 for trait acronym definition; 2Non estimable; Numbers in bold are significant. 
 
Table 6. Estimates of microbial correlation between meat quality traits and carcass composition traits 

 1FD CADG HAM LOIN BEL 

SCOL -0.29±0.37 -0.09±0.35 0.16±0.38 -0.25±0.35 -0.32±0.37 

IMF 0.90±0.14 0.43±0.33 0.29±0.27 0.21±0.30 0.73±0.18 

SFIRM NE2 0.31±0.19 0.18±0.24 -0.01±0.20 0.50±0.18 

MINA 0.53±0.18 0.66±0.17 0.11±0.27 0.08±0.30 0.41±0.21 

MINB 0.43±0.19 0.58±0.18 0.12±0.25 -0.13±0.28 0.35±0.20 

PH 0.17±0.31 0.27±0.35 NC3 NC 0.11±0.32 

1See table 1 for trait acronym definition; 2Non estimable; 3Not converged; Numbers in bold are significant. 
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Figure 1. (A) Venn diagram with the numbers of common operational taxonomic units (OTUs) among weaning, 
week 15 and off test. (B)  Distribution of alpha diversity index among weaning, week 15 and off test. X- axis 
represents the different age group and Y-axis represent the alpha diversity index of each sample for each group. 
 
 
 

 
Figure 2. Proportion of variance explained by microbiome relationship matrix (O), genomic relationship matrix (G) 
and pen (P) for meat quality traits. Model 0 contains G matrix and pen effect as random effect, Model 1, Model 2 
and Model 3 contains O matrix at weaning, week 15 and off test in addition to G matrix and pen effect. 
 
 

 
Figure 3. Proportion of variance explained by microbiome relationship matrix (O), genomic relationship matrix (G) 
and pen (P) for carcass composition traits. Model 0 contains G matrix and pen effect as random effect, Model 1, 
Model 2 and Model 3 contains O matrix at weaning, week 15 and off test in addition to G matrix and pen effect. 
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Proportions of total phenotypic variance attributable to genotypes and microbiome 
Variance components of backfat (BF), live weight (WT), and loin depth (LD) were estimated. The genomic variance 
(𝜎𝜎𝑙𝑙2) of backfat (BF), live weight (WT), and loin depth (LD) ranged from 2.31e-02 ± 0.16e-02 to 14.15e-02 ± 2.06e-
02, 17.44 ± 6.61 to 48.73 ± 12.03, and 0.17e-02 ± 0.21e-02 to 10.31e-02 ± 2.24e-02, respectively. The variance due 
to microbiome (𝜎𝜎𝑖𝑖2 ) of BF, WT, and LD ranged from 0.21e-02 ± 0.27e-02 to 38.82e-02 ± 7.41e-02, 9.21 ± 6.02 to 
373.89 ± 12.46, and 0.30e-02 ± 0.67e-02 to 9.97e-02 ± 5.42e-02, respectively. The variance due to common pen 
(𝜎𝜎𝑗𝑗2) ranged from almost nil to 5.01e-03 ± 3.55e-03 in BF, and 3.59e-03 ± 1.09e-02 in LD, and from 3.82e-07 to 
14.08 ± 6.93 in WT. 
The proportion of the total variance explained by the genomic variance (genomic heritability, ℎ𝑙𝑙2) for BF, WT, and 
LD ranged from 0.13 ± 0.03 (Week15 BF14) to 0.53 ± 0.05 (Weaning BF22), 0.06 ± 0.01 (Week15 WT14) to 0.26 ± 
0.06 (Weaning WT22), and 0.03 ± 0.06 (Weaning LD14) to 0.34 ± 0.06 (Weaning LD22), respectively. The 
proportion of the total variance due to microbiome (ℎ𝑖𝑖2 ) for BF, WT, and LD ranged from 0.03 ± 0.03 (Weaning 
BF14) to 86.07 ± 3.13 (Week15 BF14), 0.09 ± 0.06 (Weaning WT14) to 93.98 ± 1.28 (Week15 WT14), and 0.01 ± 
0.03 (Weaning LD14) to 80.49e-02 ± 5.94 (Week15 LD18), respectively. The proportions of component variances 
relative to the total variance were used as priors for estimating SNP and OTU effects in equation (5), and 
demonstrated in Figure 1. It appeared that the ℎ𝑙𝑙2 of BF, WT, and LD was higher than their ℎ𝑖𝑖2  at weaning, while the 
opposite trend was observed during week 15. 
 
Association between OTUs and performance records 
At a FDR of 5%  we identified 164 taxa to be significantly associated BF, WT, and LD. Classification of these 164 
taxa is provided in Table S7 (see Additional File 5). Tables 1A, 1B, and 1C present the estimated effects of taxa 
significantly associated with performance records at weaning, week 15, and week 22, respectively. An OTU of 
unassigned genus and species of clostridiaceae isolated from the weaners was found to have significant impact on 
WT18. No other taxa from the weaners was found to be significantly associated with the traits. There were 146 taxa 
from week-15 individuals having significant association with BF, WT, and LD, except for LD14. Thirteen of those 
taxa did not have unassigned phylum, while the rest came from 4 phyla (Actinobacteria – 2; Bacteroidetes – 24; 
Firmicutes – 100; Proteobacteria - 7). At the genus level, 81 of the 146 taxa belonged to unassigned/unclassified 
genus; of the rest, 13 were in Clostridium, 10 in Prevotella, 6 in Eubacterium, 3 in Desulfovibrio, 3 in 
Streptococcus, 2 in Blautia, 2 in Dorea, 2 in Lactobacillus, 2 in Oscillibacter, 2 in Peptococcus, 2 in Succinivibrio, 
and 1 taxon in each of Allisonella, Bacteroides, Butyrivibrio, Collinsella, Coprococcus, Faecalibacterium, 
Mogibacterium, Olsenella, Porphyromonas, Pseudoflavonifractor, Roseburia, Schwartzia_55506, Selenomonas, 
Subdoligranulum, Turicibacter. 
 
Of the 80 taxa significantly associated with backfat traits, the number of OTUs affecting BF14, BF18, and BF22 
were 42, 44, and 40, respectively. Seventy-four of the 80 taxa belonged to 4 assigned phyla (Firmicutes – 58; 
Bacteroidetes – 10; Proteobacteria – 5; Actinobacteria - 1), the rest (6 OTUs) had unassigned phylum. Eleven of the 
80 taxa were found to affect backfat at all 3 stages, 14, 18 and 22 weeks. Eight of them were of the Firmicutes 
phylum, the rest were Bacteroidetes, Proteobacteria or unassigned. Nine of these 11 taxa had negative impact on the 
backfat traits, meaning their increasing presence in the gastro-intestine system decreases subcutaneous fat 
deposition. The opposite was observed with the other 2 OTUs (OTUs 17 and 578), both of the Firmicutes phylum. 
At the genus level, 37 of the 80 taxa were classified into 18 genera, with Clostridium (10 OTUs), Eubacterium (4 
OTUs), and Prevotella (4 OTUs) being the major genera affecting the backfat traits. 
 
Significantly affecting body weight traits were 113 taxa, which included 1, 108, and 5 OTUs at weaning, week 15, 
and offtest, respectively. Seventy-eight of those taxa belonged to the Firmicutes phylum, while the rest were in 
Bacteroidetes (18), Proteobacteria (5), Actinobacteria (1), Spirochaetes (1), and unassigned (10). At the genus level, 
the 113 taxa belonged to 25 known genera, with Clostridium (10), Prevotella (8), and Eubacterium (5) having the 
largest distributions of taxa. Thirteen taxa had significant association with the weight traits at all 3 stages, 14, 15 and 
22 weeks into the feeding trial. Of the 13 taxa, 11 belonged to the Firmicutes phylum, the rest belonged to 
Bacteroidetes and Proteobacteria. At the genus level, 4 of them had unassigned genus, while the rest belonged to 
Clostridium (3), Peptococcus (2), Dorea (1), Eubacterium (1), Selenomonas (1), and Succinivibrio (1). Eleven of the 
13 taxa had negative impact on the weight traits across the 3 age stages. OTUs 17 and 758, both belonging to 
Peptococcus niger, had positive impact on the weight traits, meaning their increase in count in the pig gastro-
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intestine system makes the animals grow faster. Interestingly these 2 OTUs also had significant positive impact on 
the backfat traits. 
 
Taxa 139 and 1307, both were unassigned species of the Clostridium genus, had significant negative effect on LD18 
and LD22, also had negative effects on the backfat and weight traits across the 3 age stages.  
 
Estimated heritability of significant OTUs 
 
Heritabilities were estimated for OTUs that were significantly associated to phenotypes at either week 15 or week 
22, and are presented in Figure 2. The highest heritability estimates were 0.6548 and 0.2142 for OTUs 389 and 
1085, at week 15 and week 22, respectively. Of the 146 significant OTUs at week 15, one OTU had heritability 
estimate of 0.4690, 8 between 0.10 and 0.20, 74 between 0.01 and 0.10, and 63 less than 0.01. Of the 26 significant 
OTUs at offtest, 4 OTUs had heritability estimates between 0.10 and 0.15, 16 between 0.01 and 0.10, 5 less than 
0.01. 
 
Taxon 389 with the highest estimated heritability of 0.6548 at week 15, and 0.0894 at offtest, showed its negative 
impact on BF22. Similarly, taxon 620 had an estimated heritability of 0.469 at week 15 and a negative effect on 
BF18; taxon 1085 with estimated heritability of 0.2142 at offtest had positive effects on BF18 and BF22. 
 
Heritability estimates of OTUs at the genus level are displayed in Table 2, ranging from 0.0004±0.0324 to 
0.2990±0.0659, 0.0012±0.0339 to 0.3167±0.0592, and 0.0003±0.0300 to 0.1109±0.0521, at weaning, week 15, and 
week 22, respectively. 
 
SNP contribution to variation in OTUs 
 
A threshold of 5% FDR was used to declare significant association between a SNP and the OTUs. There was no 
SNP significant for OTU121 at weaning. There were 228 SNPs found to be in significant association with 40 of the 
146 week15-OTUs that significantly affected the traits as reported earlier on (see Table 3). They scattered on 
autosomes 1 to 18, with a large number (89) being on chromosome 1. There were 76, 24, 19, and 17 SNPs found to 
be significantly associated with taxa 659, 139, 783, and 157, respectively. Number of SNPs being associated with 
other taxa ranged between 1 to 9 SNPs.  
 
No SNP was found to be associated with OTU17 at FDR 5%. However, at FDR 10%, there were 4 SNPs being 
associated that taxon. Of the 4 SNPs, 1 was on chromosome 4, the rest on chromosome 14. No SNP was found to 
have significant effect on the count of OTU758. 
 
Seventy SNPs were found to have significant effect on 6 (OTUs 17, 189, 357, 389, 916, and 1085) of the 26 offtest-
OTUs that were significantly associated with the phenotypes as discussed earlier on (see Table 4). These 70 SNPs, 
though scattered on 12 chromosomes, more heavily distributed on chromosomes 1 and 14 (16 and 27 SNPs, 
respectively). 
 
There were 546 reported genes (https://www.ncbi.nlm.nih.gov/) in close proximity of the 333 significant SNPs 
identified in this study. Four hundred and twenty-six of those genes were in the Database 
for Annotation, Visualization and Integrated Discovery (https://david.ncifcrf.gov/), from which our gene annotation 
was performed. Only 77 genes were classified into 9 distinct functional groups (see Table 5), including Antiviral 
defense, Cytokine, Secreted, Disulfide bond, Signal, Glycolysis, Ribosomal protein, Isomerase, rRNA-binding, with 
the first 4 groups being significantly enriched at Bonferoroni adjusted P value < 1.39E-07. In terms of KEGG 
pathways (Kyoto Encyclopedia of Genes and Genomes), 33 of the 546 genes belonged to 16 pathways (see Table 6), 
6 of which were significantly enriched (Bonferroni adjusted P value < 0.05), and mainly consisted of cell growth 
and immunity, as well as metabolism. 
 
 
Table 1A: Significant taxa at weaning and their estimated effect (± Standard Error) on phenotypic records 

OTU BF14 BF18 BF22 WT14 WT18 WT22 LD14 LD18 LD22 

121 . . . . 0.4941±0.1139 . . . . 
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Table 1B: Significant taxa at week15 and their estimated effect (± Standard Error) on phenotypic records 

OT
U BF14 BF18 BF22 WT14 WT18 WT22 

LD1
4 LD18 LD22 

2 . . . 
0.0057±0.00
18 . . . . . 

5 . . . 

-
0.0679±0.02
28 . . . . . 

17 
0.0092±0.00
15 

0.0102±0.00
2 

0.0117±0.00
25 

0.2567±0.05
18 

0.2457±0.06
04 

0.296±0.067
6 . . . 

22 

-
0.0044±0.00
12 . . 

-
0.2287±0.04
09 

-
0.1825±0.04
79 . . 

-
0.0084±0.00
23 . 

26 . . . 

-
0.0983±0.02
55 . . . . . 

27 . . . 

-
0.1422±0.04
21 

-
0.1703±0.04
88 . . . . 

35 
0.0144±0.00
42 . . 

0.5654±0.15
65 . . . . . 

45 . . . 

-
0.0349±0.00
88 . . . . . 

62 

-
0.0192±0.00
46 

-
0.0238±0.00
64 

-
0.0346±0.00
78 . . . . . . 

76 . 
0.0555±0.01
71 . . . . . . . 

79 

-
0.0019±0.00
06 . . 

-
0.0863±0.02
06 . . . . . 

83 . . . 
1.084±0.298
6 . . . . . 

87 . . . 
0.5919±0.16
96 

0.7143±0.19
68 . . . . 

115 . . . 

-
0.1042±0.03
28 . . . . . 

117 . . . 

-
0.1957±0.06
47 . . . . . 

119 

-
0.0039±0.00
1 . . 

-
0.1329±0.03
53 . . . . . 

139 

-
0.0047±0.00
09 

-
0.0067±0.00
12 

-
0.0072±0.00
14 

-
0.1675±0.02
95 

-
0.1976±0.03
43 

-
0.2214±0.03
83 . 

-
0.0069±0.00
17 

-
0.0066±0.00
16 

150 
0.0234±0.00
71 . . 0.9507±0.26 . . . . . 

157 

-
0.0056±0.00
14 . . 

-
0.2503±0.05
11 

-
0.2529±0.05
95 

-
0.2523±0.06
67 . 

-
0.0098±0.00
29 . 

165 . 

-
0.0031±0.00
08 

-
0.0034±0.00
09 . . . . . . 

171 . . . 

-
0.0895±0.02
65 . . . . . 

183 . . . 
0.4059±0.12
24 . . . . . 

189 . 

-
0.0042±0.00
11 

-
0.0046±0.00
13 . . . . . . 

215 . . . 

-
0.1767±0.04
64 . . . . . 

221 . . . 
2.966±0.917
7 . . . . . 

229 . . . 

-
0.1448±0.03
35 . . . 

-
0.0078±0.00
19 . 
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249 . . . 

-
0.6072±0.18
37 . . . . . 

250 . . . 
0.5082±0.14
14 . . . . . 

262 
0.0055±0.00
14 . . . . . . . . 

266 

-
0.0138±0.00
31 

-
0.0197±0.00
43 . . . . . . . 

295 . . . 

-
0.6988±0.21
13 . . . . . 

301 . . . 

-
0.1213±0.03
3 . . . . . 

305 

-
0.0072±0.00
17 

-
0.0079±0.00
23 . 

-
0.3056±0.05
91 

-
0.3186±0.06
88 

-
0.2947±0.07
7 . 

-
0.0139±0.00
33 . 

308 . . 

-
0.0026±0.00
08 . . . . . . 

309 
0.0061±0.00
18 . 

0.0102±0.00
31 . . . . . . 

311 
0.0004±0.00
01 . . 

0.0157±0.00
33 . . . . . 

319 

-
0.0271±0.00
83 

-
0.0375±0.01
16 . . . . . . . 

328 . . . 

-
0.0314±0.00
96 . . . . . 

339 

-
0.0428±0.01
28 . . . . . . . . 

341 
0.0156±0.00
41 . . . . . . . . 

352 . . 

-
0.0246±0.00
7 . . . . . . 

357 

-
0.0017±0.00
05 

-
0.0026±0.00
06 

-
0.0027±0.00
08 . . . . . . 

360 . . . -1.311±0.305 . . . . . 

369 . . . 

-
0.0668±0.02
01 . . . . . 

378 

-
0.0071±0.00
2 

-
0.0094±0.00
27 . . . . . . . 

384 . . . 

-
0.3617±0.09
65 . . . . . 

389 . . 

-
0.0019±0.00
06 . . . . . . 

401 

-
0.0206±0.00
5 

-
0.0304±0.00
7 

-
0.0449±0.00
85 . . . . . . 

420 . . . 

-
0.1136±0.03
1 . . . . . 

421 . . . 

-
0.6142±0.16
35 . . . . . 

454 . . . 
0.1688±0.05
59 . . . . . 

466 . 

-
0.0037±0.00
1 

-
0.0046±0.00
12 . . . . . . 

469 . 

-
0.097±0.022
7 . 

-
1.958±0.614
1 . . . . . 
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472 . . . 
0.5312±0.14
05 . . . . . 

481 . . . 

-
0.2378±0.07
26 . . . . . 

486 

-
0.0039±0.00
09 . . 

-
0.1653±0.03
2 

-
0.1282±0.03
74 . . . . 

520 . . . 

-
0.0895±0.01
72 . . . 

-
0.0046±0.00
1 . 

541 

-
0.0177±0.00
51 

-
0.0329±0.00
71 

-
0.0311±0.00
88 

-
0.7064±0.18
7 

-
0.8759±0.21
7 . . -0.04±0.0105 . 

554 . . . -1.218±0.374 . . . . . 

558 

-
0.002±0.000
6 . . . . . . . . 

562 . 

-
0.049±0.013
6 . . . . . 

-
0.0764±0.01
98 . 

564 . . . 

-
0.2769±0.08
52 . . . . . 

574 . 

-
0.0257±0.00
6 

-
0.0273±0.00
73 . 

-
0.636±0.180
8 . . . . 

576 . . . 

-
0.0431±0.01
16 . . . . . 

583 . 
0.0046±0.00
14 

0.0064±0.00
17 . . . . . . 

585 . . . 

-
0.0749±0.01
21 

-
0.0823±0.01
4 

-
0.0741±0.01
58 . 

-
0.0028±0.00
07 . 

586 . . . 
0.5838±0.16
95 . . . . . 

590 . . 

-
0.0184±0.00
46 . . . . . . 

592 

-
0.0052±0.00
15 

-
0.0067±0.00
2 . 

-
0.181±0.052
3 . . . . . 

605 . 

-
0.0202±0.00
62 

-
0.0291±0.00
76 . . . . . . 

620 . 

-
0.0343±0.00
88 . . . . . . . 

623 . 

-
0.0073±0.00
2 

-
0.0087±0.00
25 . . . . . . 

624 . . . 

-
0.2684±0.07
17 

-
0.3417±0.08
31 

-
0.4325±0.09
26 . 

-
0.0155±0.00
4 . 

628 . 

-
0.0038±0.00
11 

-
0.0048±0.00
14 . . . . . . 

644 . . . 
0.1429±0.04
49 . . . . . 

656 

-
0.0049±0.00
15 . . . . . . . . 

659 . . . 

-
0.1143±0.02
37 . . . . . 

660 

-
0.0135±0.00
29 

-
0.0171±0.00
4 . 

-
0.5854±0.10
27 

-
0.6288±0.11
95 

-
0.5199±0.13
43 . 

-
0.0227±0.00
58 . 

665 . . . 

-
0.3532±0.10
93 . . . . . 

685 . . . 
0.6915±0.23
39 . . . . . 
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720 . . . 

-
0.4616±0.14
73 . . . . . 

725 . . . 8.475±2.843 . . . . . 

741 . . . 

-
0.0291±0.00
98 . . . . . 

752 . . . 

-
0.1497±0.03
4 

-
0.1518±0.03
95 . . 

-
0.0066±0.00
19 . 

758 
0.0116±0.00
14 

0.0154±0.00
2 

0.0159±0.00
25 

0.3391±0.05
13 

0.3365±0.05
99 

0.2985±0.06
74 . 

0.0129±0.00
29 . 

770 . . . 

-
0.1589±0.04
98 . . . . . 

771 

-
0.0134±0.00
29 

-
0.0168±0.00
41 . 

-
0.5836±0.10
55 

-
0.5589±0.12
28 

-
0.5364±0.13
82 . 

-
0.0248±0.00
59 . 

783 . . . 

-
0.012±0.003
3 . . . . . 

784 . . . 

-
0.0944±0.02
48 . . . . . 

788 . 

-
0.0041±0.00
1 . . . . . . . 

791 

-
0.0515±0.01
52 

-
0.0745±0.02
13 . . . . . . . 

809 . . . 
0.0778±0.01
77 . . . . . 

820 . . . -0.2±0.0551 . . . . . 

825 . 
0.0088±0.00
26 

0.0121±0.00
32 . . . . . . 

826 . . . 

-
0.2409±0.08
11 . . . . . 

827 . . . 
0.0135±0.00
4 . . . . . 

837 . 

-
0.0056±0.00
13 . . . . . . . 

856 . . . 

-
0.465±0.143
8 . . . . . 

874 

-
0.0133±0.00
4 . . 

-
0.7022±0.14
3 

-
0.6235±0.16
7 . . . . 

889 . 

-
0.0054±0.00
12 

-
0.0057±0.00
15 . . . . . . 

924 . 

-
0.0072±0.00
21 . . . . . . . 

936 . . . 
0.1735±0.04
97 . . . . . 

940 . . . 

-
0.1412±0.03
98 . . . . . 

971 . 

-
0.0044±0.00
14 . . . . . . . 

974 . . . 

-
0.2739±0.04
64 

-
0.2108±0.05
43 . . . . 

976 

-
0.0071±0.00
21 . . 

-
0.3155±0.07
45 

-
0.353±0.086
7 . . 

-
0.0173±0.00
42 . 

980 . . . 

-
0.0073±0.00
19 . . . . . 
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100
4 . . . 

0.2659±0.08
76 . . . . . 

101
1 . . . 

-
0.2118±0.06
25 . . . . . 

102
5 

-
0.002±0.000
4 

-
0.0019±0.00
05 . 

-
0.084±0.012
9 

-
0.0721±0.01
51 

-
0.071±0.016
9 . 

-
0.0035±0.00
08 . 

102
8 . 

-
0.0782±0.02
3 . . . . . . . 

106
3 . . . 

-
0.0262±0.00
87 . . . . . 

108
5 . 

0.0002±0.00
01 

0.0002±0.00
01 . . . . . . 

109
8 . . . 

-
0.2179±0.05
19 . . . . . 

111
3 . . . 

-
0.9437±0.22
9 . . . 

-
0.0506±0.01
27 . 

111
7 

0.0368±0.00
95 . . 1.097±0.35 . . . . . 

114
0 

-
0.0062±0.00
12 

-
0.0056±0.00
17 

-
0.0073±0.00
21 

-
0.2516±0.04
28 

-
0.2396±0.04
99 

-
0.2392±0.05
6 . . . 

115
8 . . . 

0.0017±0.00
06 . . . . . 

116
3 

-
0.0044±0.00
09 . . 

-
0.1832±0.03
11 

-
0.162±0.036
3 . . 

-
0.0079±0.00
18 . 

117
6 

-
0.0962±0.02
89 . . -4.223±1.065 . . . . . 

118
3 . . . 

-
1.555±0.525
7 . . . . . 

120
2 . . . 

0.9387±0.31
62 . . . . . 

121
3 . . . 

1.807±0.496
2 . . . . . 

122
6 . 

0.0251±0.00
67 . . . . . . . 

122
7 

-
0.0768±0.02
33 

-
0.1135±0.03
26 . . . . . . . 

123
9 . . . 

-
0.3189±0.10
71 . . . . . 

124
8 . . . 

-
0.0939±0.03
05 . . . . . 

128
2 . . . 

0.7238±0.18
07 . . . . . 

130
7 

-
0.013±0.003
2 

-
0.019±0.004
5 

-
0.0222±0.00
55 

-
0.4243±0.11
6 

-
0.5964±0.13
46 

-
0.6113±0.15
02 . 

-
0.0293±0.00
65 

-
0.0249±0.00
61 

134
4 . . . 

-
1.371±0.385
9 

-
1.563±0.447
9 . . . . 

135
3 . . . -1.779±0.572 . . . . . 

139
2 

-
0.0076±0.00
24 . . 

-
0.2623±0.08
58 

-
0.3473±0.09
95 . . . . 

143
4 . . . 

0.3474±0.10
42 . . . . . 

144
6 . . . 

0.2451±0.07
44 . . . . . 

149
5 . . . -10.11±3.155 -12.94±3.663 . . . . 

150
2 . . . 

-
1.187±0.390
5 

-
1.561±0.452
6 . . . . 



 32 

152
6 . . . 

0.2381±0.07
87 . . . . . 

153
3 

-
0.0967±0.02
97 . . -3.473±1.103 . . . . . 

154
3 . . . 

-
0.3326±0.08
83 . . . . . 

156
7 . . . 

-
0.1618±0.05
34 . . . . . 

157
9 . 

-
0.055±0.015
1 . . . . . . . 

161
1 . . . 

0.5121±0.14
59 . . . . . 

161
8 . . . 

1.788±0.495
4 . . . 

0.0992±0.02
73 . 

164
4 

-
0.0249±0.00
64 

-
0.0319±0.00
9 . 

-
0.9847±0.23
46 -1.18±0.2723 . . . . 

166
5 . 

-
0.0119±0.00
27 

-
0.0121±0.00
33 -0.2555±0.07 

-
0.3596±0.08
1 

-
0.3454±0.09
06 . . . 

167
6 . . . 

-
0.2572±0.06
5 . . . . . 

 
Table 1C: Significant taxa at offtest and their estimated effect (± Standard Error) on phenotypic records 

OTU BF14 BF18 BF22 WT14 WT18 WT22 LD14 LD18 LD22 

17 0.0043±0.0008 0.008±0.0011 0.0111±0.0013 . . 0.1757±0.0343 . . . 

62 . . -0.0547±0.0143 . . . . . . 

128 . . -0.0163±0.0048 . . . . . . 

139 . . -0.0093±0.0023 . . . . . . 

189 . . -0.0046±0.0013 . . . . . . 

220 . . . . . 0.9387±0.214 . . . 

357 . . -0.0025±0.0007 . . . . . . 

367 . . -0.0149±0.0043 . . . . . . 

389 . . -0.0016±0.0005 . . . . . . 

457 . . . . . 3.012±0.7701 . . . 

500 -0.0017±0.0004 -0.0029±0.0006 -0.0042±0.0007 . . . . . . 

510 . . . . . . . -0.0289±0.0061 . 

546 . . -0.0325±0.0072 . . . . . . 

663 . . -0.0043±0.0012 . . . . . . 

709 . . -0.0081±0.0021 . . . . . . 

792 . . . . . -0.7224±0.1778 . . . 

837 . . -0.006±0.0015 . . . . . . 

916 . . -0.0256±0.0073 . . . . . . 

1025 . . -0.006±0.0015 . . . . . . 

1085 . . 0.0003±0.0001 . . . . . . 

1137 . . 0.0267±0.0073 . . . . . . 

1138 . . . 1.736±0.3756 . . . . . 

1254 . . 0.0218±0.0052 . . . . . . 

1462 . . -0.0487±0.0126 . . . . . . 

1678 . . 0.0688±0.019 . . . . . . 
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1688 . . 0.0927±0.0235 . . . . . . 
 

 
 
 
 
 

Table 2. Heritability estimates (± SE) for operational taxonomic units at the genus level 
Genus Weaning 1 Week15 2 Offtest 3 

Acidaminococcus 0.0004 ± 0.0324 0.1593 ± 0.0589 NA 
Acinetobacter 0.0996 ± 0.0466 0.2186 ± 0.0533 NA 
Actinobacillus 0.0278 ± 0.0350 0.0868 ± 0.0456 NA 
Actinomyces 0.0613 ± 0.0453 0.0099 ± 0.0341 NA 
Adlercreutzia 0.0367 ± 0.0346 0.0624 ± 0.0450 NA 
Aerococcus 0.0340 ± 0.0368 0.0772 ± 0.0445 0.0154 ± 0.0376 
Akkermansia 0.1128 ± 0.0521 0.1887 ± 0.0567 0.0088 ± 0.0355 
Alistipes 0.0192 ± 0.0381 0.0776 ± 0.0486 0.0215 ± 0.0381 
Allisonella 0.1661 ± 0.0577 NA NA 
Alloprevotella 0.0136 ± 0.0389 0.1422 ± 0.0524 0.0400 ± 0.0390 
Anaerobiospirillum 0.1047 ± 0.0471 0.1106 ± 0.0524 0.0072 ± 0.0351 
Anaerococcus 0.0646 ± 0.0425 NA 0.0841 ± 0.0497 
Anaerofustis 0.0543 ± 0.0441 0.0445 ± 0.039 NA 
Anaeroplasma NA NA 0.0749 ± 0.0451 
Anaerostipes NA 0.0214 ± 0.0336 NA 
Anaerotruncus 0.1165 ± 0.0507 0.2176 ± 0.0581 0.0044 ± 0.0322 
Anaerovibrio 0.0680 ± 0.0473 0.0037 ± 0.0277 0.0039 ± 0.0287 
Atopobium 0.0437 ± 0.0391 NA 0.0544 ± 0.0392 
Bacillus_1386 0.2024 ± 0.0621 NA NA 
Bacteroides 0.0793 ± 0.0450 0.2211 ± 0.0555 0.0723 ± 0.0483 
Barnesiella 0.0218 ± 0.0358 0.0570 ± 0.0445 0.0075 ± 0.0316 
Bifidobacterium 0.0779 ± 0.0480 0.0878 ± 0.0510 0.0265 ± 0.0354 
Bilophila NA 0.0838 ± 0.0491 0.0086 ± 0.0375 
Blautia 0.0670 ± 0.0432 0.1660 ± 0.0522 NA 
Butyricimonas 0.0979 ± 0.0508 0.0154 ± 0.0363 0.0899 ± 0.0425 
Butyrivibrio NA NA 0.0093 ± 0.0361 
Campylobacter 0.0107 ± 0.0341 0.2760 ± 0.0565 NA 
Catenibacterium 0.1006 ± 0.0499 0.1112 ± 0.0471 0.0259 ± 0.0372 
Cellulosilyticum 0.0467 ± 0.0399 NA NA 
Chlamydia 0.0175 ± 0.0335 0.003 ± 0.0364 NA 
Christensenella 0.0477 ± 0.0402 0.1883 ± 0.0595 NA 
Clostridium 0.0293 ± 0.0367 0.2205 ± 0.0571 0.0305 ± 0.0360 
Collinsella 0.1237 ± 0.0465 0.2136 ± 0.0528 0.1009 ± 0.0512 
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Comamonas 0.0959 ± 0.0479 0.0904 ± 0.0511 0.0559 ± 0.0420 
Coprococcus 0.0806 ± 0.0443 0.0937 ± 0.0518 0.0542 ± 0.0442 
Corynebacterium 0.0328 ± 0.0407 0.0569 ± 0.0455 NA 
Desulfovibrio NA 0.1440 ± 0.0521 0.1038 ± 0.0504 
Dialister NA NA 0.0078 ± 0.0307 
Dorea 0.0496 ± 0.0423 0.0307 ± 0.0382 0.0649 ± 0.0443 
Elusimicrobium 0.0304 ± 0.0394 0.0655 ± 0.045 0.0605 ± 0.0415 
Enterococcus 0.0195 ± 0.0364 0.0232 ± 0.0358 NA 
Escherichia 0.0223 ± 0.0342 0.1174 ± 0.0508 0.0695 ± 0.0458 
Eubacterium 0.0329 ± 0.0398 0.2015 ± 0.0582 0.0228 ± 0.0382 
Facklamia 0.0447 ± 0.0393 NA NA 
Faecalibacterium 0.0164 ± 0.0386 NA 0.0276 ± 0.0388 
Fibrobacter 0.0204 ± 0.0342 0.0187 ± 0.0335 0.1109 ± 0.0521 
Finegoldia 0.0694 ± 0.0495 0.0396 ± 0.0402 0.0290 ± 0.0348 
Flavonifractor 0.0321 ± 0.0411 NA 0.0035 ± 0.0303 
Fusobacterium 0.1495 ± 0.0592 0.0984 ± 0.0484 0.0085 ± 0.0349 
Gallicola NA 0.0588 ± 0.0443 0.009 ± 0.0335 
Helcococcus 0.1066 ± 0.0513 NA NA 
Helicobacter 0.0856 ± 0.0449 0.0853 ± 0.0490 0.0662 ± 0.0424 
Howardella 0.0951 ± 0.0499 0.0234 ± 0.0357 0.0360 ± 0.0378 
Jeotgalicoccus 0.0146 ± 0.0349 0.1499 ± 0.0533 0.0587 ± 0.0445 
Kurthia 0.0011 ± 0.0320 NA 0.0614 ± 0.0461 
Lachnospira NA 0.0062 ± 0.0376 0.0506 ± 0.0422 
Lactobacillus 0.1321 ± 0.0559 0.1604 ± 0.0530 NA 
Megasphaera 0.0525 ± 0.0426 0.2555 ± 0.0585 NA 
Mitsuokella 0.0040 ± 0.0331 0.1052 ± 0.0450 0.0410 ± 0.0429 
Mobiluncus 0.0906 ± 0.0480 0.0022 ± 0.0385 0.0182 ± 0.0326 
Mogibacterium 0.0273 ± 0.0363 NA 0.0114 ± 0.0342 
Moraxella_475 0.0649 ± 0.0445 0.0031 ± 0.0377 0.0194 ± 0.0376 
Mucispirillum 0.1009 ± 0.0472 0.0012 ± 0.0339 NA 
Nosocomiicoccus 0.0363 ± 0.0411 0.0318 ± 0.0360 0.0183 ± 0.0325 
Odoribacter 0.0778 ± 0.0469 0.0425 ± 0.0411 0.0129 ± 0.0345 
Olsenella 0.0782 ± 0.0504 NA NA 
Oscillibacter 0.0689 ± 0.043 0.1738 ± 0.0527 NA 
Oxalobacter 0.0792 ± 0.0451 0.2990 ± 0.0589 0.0350 ± 0.0377 
Parabacteroides 0.0390 ± 0.0394 NA 0.0461 ± 0.0422 
Parasutterella 0.0347 ± 0.0404 0.0892 ± 0.0506 0.0199 ± 0.0361 
Parvimonas NA 0.0105 ± 0.0363 NA 
Pediococcus 0.0697 ± 0.0431 0.2308 ± 0.0558 0.0223 ± 0.0372 
Peptococcus 0.0374 ± 0.0404 0.0558 ± 0.0405 0.0313 ± 0.0385 
Peptoniphilus 0.0070 ± 0.0362 NA NA 
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Peptostreptococcus 0.0284 ± 0.0343 0.0585 ± 0.0452 NA 
Phascolarctobacterium 0.1881 ± 0.0595 0.0251 ± 0.0372 0.0647 ± 0.0491 
Porphyromonas 0.0347 ± 0.0362 NA 0.0649 ± 0.0424 
Prevotella 0.1152 ± 0.0472 0.2609 ± 0.0558 NA 
Pseudoflavonifractor 0.0607 ± 0.0444 NA NA 
Pyramidobacter NA NA 0.0531 ± 0.0399 
Roseburia 0.0710 ± 0.0454 0.1688 ± 0.0551 0.0595 ± 0.0462 
Rothia_32207 NA 0.1087 ± 0.0473 0.0078 ± 0.0319 
Ruminobacter 0.0708 ± 0.0472 0.0650 ± 0.0459 0.0580 ± 0.0395 
Ruminococcus 0.0657 ± 0.0449 0.0430 ± 0.0453 0.0484 ± 0.0380 
Schwartzia_55506 0.0030 ± 0.0337 0.0271 ± 0.0371 0.0251 ± 0.0400 
Selenomonas 0.0249 ± 0.0386 NA NA 
Sharpea 0.1012 ± 0.0476 0.3155 ± 0.0605 0.0054 ± 0.0313 
Slackia 0.0035 ± 0.0322 NA NA 
Solobacterium NA 0.0406 ± 0.0421 NA 
Sporobacter NA 0.0636 ± 0.0473 NA 
Sporobacterium 0.0283 ± 0.0396 NA 0.0011 ± 0.0327 
Staphylococcus 0.2990 ± 0.0659 0.3167 ± 0.0592 0.0071 ± 0.0383 
Streptococcus 0.1697 ± 0.0543 0.0604 ± 0.0411 NA 
Subdoligranulum 0.1735 ± 0.0618 0.0873 ± 0.0494 NA 
Succinivibrio NA 0.1072 ± 0.0501 0.0591 ± 0.0427 
Sutterella 0.1051 ± 0.0500 0.0770 ± 0.0480 0.0137 ± 0.0349 
Synergistes NA 0.0282 ± 0.0409 0.0656 ± 0.0416 
Treponema 0.0723 ± 0.0429 0.0160 ± 0.0358 0.0032 ± 0.0346 
Trueperella 0.0974 ± 0.0461 0.0102 ± 0.0368 0.0492 ± 0.0388 
Turicibacter NA 0.0390 ± 0.0407 0.1043 ± 0.0521 
Unclassified_erysipelotrichaceae NA 0.0350 ± 0.0397 NA 
Unclassified_pasteurellaceae 0.0347 ± 0.0397 0.1200 ± 0.0483 0.0499 ± 0.0427 
Unclassified_peptostreptococcaceae 0.1319 ± 0.0525 0.0244 ± 0.0383 0.0020 ± 0.0311 
Veillonella 0.0921 ± 0.0457 0.1325 ± 0.0492 NA 
Victivallis NA 0.1212 ± 0.0385 0.0503 ± 0.0639 
Weissella 0.0322 ± 0.0430 0.0587 ± 0.0421 0.0104 ± 0.0290 

SE: Standard error; NA: Not applicable due to extremely small genetic variance detected. 
 
 
Table 3. Effects of significant SNP on week15-OTU counts 

SNPID Chr Pos Freq Effect P.value FDR OTU 

M10492 3 10004418 0.68 -6.09 
8.21E-

07 4.17E-02 79 

M12194 3 97643119 0.94 -7.59 
2.05E-

05 4.76E-02 139 

M16749 4 124311782 0.86 5.57 
2.50E-

06 1.51E-02 139 
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M16753 4 124409799 0.87 5.57 
4.85E-

06 1.76E-02 139 

M16774 4 125130052 0.63 5.08 
4.33E-

06 1.76E-02 139 

M16881 4 128066499 0.73 4.34 
2.95E-

06 1.51E-02 139 

M23863 6 134497926 0.3 3.92 
1.42E-

05 4.23E-02 139 

M25730 7 19167365 0.38 3.89 
2.15E-

05 4.76E-02 139 

M26585 7 53757566 0.2 5.08 
5.21E-

06 1.76E-02 139 

M26640 7 55747943 0.64 4.14 
1.09E-

05 3.48E-02 139 

M26660 7 56382507 0.49 -3.78 
2.25E-

05 4.76E-02 139 

M26664 7 56526714 0.49 -3.78 
2.25E-

05 4.76E-02 139 

M26670 7 56798452 0.49 -3.78 
2.16E-

05 4.76E-02 139 

M26673 7 56866248 0.51 3.83 
1.76E-

05 4.71E-02 139 

M26679 7 57047763 0.57 4.38 
2.63E-

06 1.51E-02 139 

M26684 7 57385295 0.45 -4.39 
3.05E-

06 1.51E-02 139 

M26685 7 57398886 0.45 -4.29 
5.17E-

06 1.76E-02 139 

M26686 7 57424510 0.55 4.39 
3.05E-

06 1.51E-02 139 

M26689 7 57520911 0.45 -4.39 
3.05E-

06 1.51E-02 139 

M26690 7 57545071 0.55 4.39 
3.05E-

06 1.51E-02 139 

M26691 7 57561137 0.55 4.39 
3.05E-

06 1.51E-02 139 

M26699 7 57940346 0.55 4.38 
3.26E-

06 1.51E-02 139 

M26701 7 57971318 0.45 -4.38 
3.26E-

06 1.51E-02 139 

M26702 7 58003125 0.45 -4.38 
3.26E-

06 1.51E-02 139 

M26856 7 69284159 0.7 4.37 
1.51E-

05 4.25E-02 139 

M25210 7 7834733 0.2 0.62 
2.63E-

07 1.34E-02 150 

M2850 1 126310419 0.02 8 
1.47E-

05 4.99E-02 157 

M3763 1 206497756 0.98 -9.22 
1.15E-

06 1.80E-02 157 

M3828 1 213014666 0.99 -11.04 
1.42E-

06 1.80E-02 157 

M5177 1 294072400 0.99 -12.08 
1.81E-

07 4.60E-03 157 

M9607 2 150137490 0.04 6.29 
1.59E-

05 4.99E-02 157 
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M12901 3 122906094 0.03 7.24 
2.30E-

06 2.34E-02 157 

M23317 6 110474964 0.98 -8.67 
5.80E-

06 2.63E-02 157 

M23318 6 110476233 0.02 8.67 
5.80E-

06 2.63E-02 157 

M23326 6 110872840 0.98 -8.03 
1.33E-

05 4.99E-02 157 

M24311 6 143021550 0.98 -7.68 
1.52E-

05 4.99E-02 157 

M38826 10 73264900 0.05 5.22 
4.15E-

06 2.63E-02 157 

M38827 10 73265934 0.95 -5.22 
4.15E-

06 2.63E-02 157 

M47661 13 204066678 0.08 4.03 
1.67E-

05 4.99E-02 157 

M51480 14 132457880 0.98 -9 
5.57E-

06 2.63E-02 157 

M52873 15 16087823 0.08 4.22 
4.81E-

06 2.63E-02 157 

M52897 15 16850151 0.9 -3.89 
6.21E-

06 2.63E-02 157 

M57796 16 71870260 0.01 17.24 
2.91E-

13 1.48E-08 157 

M906 1 22788428 0.57 4.44 
8.49E-

08 1.08E-03 189 

M907 1 22940694 0.6 4.59 
4.85E-

08 1.08E-03 189 

M908 1 22946567 0.43 -4.44 
8.49E-

08 1.08E-03 189 

M910 1 22993058 0.51 -4.03 
2.80E-

06 2.84E-02 189 

M18585 5 36199464 0.46 -9.83 
4.55E-

06 3.86E-02 189 

M57796 16 71870260 0.01 23.12 
1.28E-

10 6.49E-06 189 

M671 1 16335323 0.98 -11.34 
3.94E-

08 2.00E-03 229 

M3188 1 159678350 0.36 -1.31 
8.80E-

07 1.12E-02 250 

M3189 1 159692203 0.36 -1.3 
8.40E-

07 1.12E-02 250 

M3190 1 159742690 0.64 1.31 
8.80E-

07 1.12E-02 250 

M32019 8 142146960 0.23 0.96 
3.49E-

06 3.10E-02 250 

M32026 8 142297716 0.11 1.33 
3.66E-

06 3.10E-02 250 

M32037 8 142463647 0.1 1.36 
6.55E-

06 4.16E-02 250 

M32039 8 142507618 0.1 1.38 
4.86E-

06 3.53E-02 250 

M46554 13 140107787 0.01 4.27 
2.04E-

07 1.03E-02 250 

M16518 4 117840426 0.8 14.48 
1.53E-

06 3.88E-02 328 
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M42832 12 39814951 0.53 -12 
1.47E-

06 3.88E-02 328 

M39557 11 18613211 0.29 1.02 
5.83E-

07 2.27E-02 352 

M47934 13 209383693 0.79 -1.03 
8.94E-

07 2.27E-02 352 

M26075 7 34103417 0.25 0.42 
6.15E-

07 3.12E-02 360 

M39151 11 3769037 0.81 -17.36 
2.01E-

08 1.02E-03 389 

M48098 13 213300984 0.3 12.37 
8.10E-

07 2.06E-02 389 

M3188 1 159678350 0.36 -3.37 
1.05E-

06 2.68E-02 454 

M3189 1 159692203 0.36 -3.2 
2.87E-

06 3.65E-02 454 

M3190 1 159742690 0.64 3.37 
1.05E-

06 2.68E-02 454 

M3669 1 201164605 0.75 2.51 
7.54E-

06 4.37E-02 454 

M3670 1 201189196 0.25 -2.51 
7.54E-

06 4.37E-02 454 

M4156 1 243816559 0.88 -3.24 
7.74E-

06 4.37E-02 454 

M4167 1 244936885 0.09 3.65 
5.44E-

06 4.37E-02 454 

M5797 1 311261722 0.51 -2.45 
1.69E-

06 2.86E-02 454 

M40902 11 75128937 0.98 -8.11 
5.21E-

06 4.37E-02 454 

M10863 3 18148072 0.02 19.68 
4.43E-

07 2.25E-02 520 

M7291 2 41011761 0.98 -1.18 
4.29E-

07 7.26E-03 554 

M7965 2 90176527 0.5 1.51 
1.18E-

07 6.02E-03 554 

M24285 6 142632651 0.02 1.17 
3.45E-

07 7.26E-03 554 

M40980 11 76943269 0.05 0.7 
2.83E-

06 3.60E-02 554 

M59119 17 22455857 0.03 2.24 
8.18E-

07 4.16E-02 574 

M22739 6 78938720 0.99 -50.15 
1.06E-

07 5.37E-03 585 

M5672 1 308140434 0.86 -0.98 
1.22E-

06 4.66E-02 586 

M5677 1 308225184 0.87 -0.99 
2.14E-

06 4.66E-02 586 

M5678 1 308247593 0.13 0.98 
2.75E-

06 4.66E-02 586 

M5889 1 313879859 0.47 -1.27 
7.02E-

07 3.57E-02 590 

M9534 2 148261023 0.03 1.67 
1.15E-

06 1.42E-02 620 

M9535 2 148283450 0.03 1.67 
1.15E-

06 1.42E-02 620 
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M9536 2 148305331 0.03 1.67 
1.15E-

06 1.42E-02 620 

M9539 2 148366180 0.52 1.92 
1.40E-

06 1.42E-02 620 

M9540 2 148388407 0.48 -1.92 
1.40E-

06 1.42E-02 620 

M28490 7 127113996 0.04 1.38 
2.37E-

06 1.72E-02 620 

M28492 7 127159734 0.04 1.43 
1.82E-

06 1.54E-02 620 

M35298 9 129344176 0.37 2.64 
2.17E-

07 5.51E-03 623 

M35299 9 129359247 0.63 -2.64 
2.17E-

07 5.51E-03 623 

M2034 1 74096746 0.16 5.96 
5.08E-

05 3.77E-02 659 

M2036 1 74264584 0.83 -6.63 
4.30E-

06 1.23E-02 659 

M2041 1 74410201 0.83 -6.86 
1.90E-

06 1.23E-02 659 

M2043 1 74467285 0.17 7.02 
1.13E-

06 1.23E-02 659 

M2044 1 74502751 0.83 -7.26 
4.42E-

07 7.50E-03 659 

M2046 1 74583833 0.83 -7.26 
4.42E-

07 7.50E-03 659 

M2047 1 74597318 0.83 -7.26 
4.42E-

07 7.50E-03 659 

M2051 1 74869280 0.77 -5.53 
5.88E-

05 4.15E-02 659 

M2052 1 74916127 0.21 6.18 
8.01E-

06 1.23E-02 659 

M2054 1 75021181 0.33 4.41 
5.56E-

05 4.03E-02 659 

M2056 1 75151870 0.21 6.18 
8.01E-

06 1.23E-02 659 

M2057 1 75167426 0.21 6.24 
6.69E-

06 1.23E-02 659 

M2058 1 75219602 0.79 -6.24 
6.69E-

06 1.23E-02 659 

M2061 1 75398012 0.79 -6.35 
4.52E-

06 1.23E-02 659 

M2066 1 75602201 0.21 6.34 
4.91E-

06 1.23E-02 659 

M2067 1 75626511 0.79 -5.76 
3.10E-

05 2.89E-02 659 

M2072 1 75749595 0.79 -6.38 
4.19E-

06 1.23E-02 659 

M2078 1 76136641 0.79 -6.29 
5.72E-

06 1.23E-02 659 

M2081 1 76215472 0.21 5.71 
3.56E-

05 3.17E-02 659 

M2082 1 76254021 0.79 -6.29 
5.72E-

06 1.23E-02 659 

M2083 1 76297353 0.21 5.83 
2.47E-

05 2.51E-02 659 
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M2085 1 76340224 0.21 6.29 
5.72E-

06 1.23E-02 659 

M2087 1 76416357 0.79 -6.29 
5.72E-

06 1.23E-02 659 

M2088 1 76438140 0.21 5.71 
3.56E-

05 3.17E-02 659 

M2097 1 76929255 0.8 -6.45 
3.70E-

06 1.23E-02 659 

M2106 1 77325351 0.2 6.37 
4.51E-

06 1.23E-02 659 

M2107 1 77402476 0.79 -5.67 
4.16E-

05 3.30E-02 659 

M2109 1 77457737 0.79 -5.67 
4.16E-

05 3.30E-02 659 

M2110 1 77518365 0.2 6.38 
4.64E-

06 1.23E-02 659 

M2113 1 77832061 0.21 5.84 
2.47E-

05 2.51E-02 659 

M2116 1 78021030 0.2 6.25 
7.37E-

06 1.23E-02 659 

M2118 1 78061517 0.8 -6.25 
7.37E-

06 1.23E-02 659 

M2119 1 78233457 0.2 6.23 
7.77E-

06 1.23E-02 659 

M2122 1 78389441 0.8 -6.21 
8.45E-

06 1.23E-02 659 

M2124 1 78440562 0.21 -5.61 
5.11E-

05 3.77E-02 659 

M2128 1 78587646 0.8 -6.23 
7.62E-

06 1.23E-02 659 

M2129 1 78666093 0.8 -6.21 
8.45E-

06 1.23E-02 659 

M2132 1 78960119 0.21 5.69 
3.95E-

05 3.24E-02 659 

M2133 1 79048821 0.8 -6.21 
8.45E-

06 1.23E-02 659 

M2134 1 79091158 0.8 -6.23 
7.77E-

06 1.23E-02 659 

M2135 1 79123534 0.2 6.23 
7.77E-

06 1.23E-02 659 

M2136 1 79246340 0.2 6.23 
7.77E-

06 1.23E-02 659 

M2137 1 79293913 0.23 5.91 
1.57E-

05 2.00E-02 659 

M2138 1 79438956 0.77 -5.91 
1.57E-

05 2.00E-02 659 

M2139 1 79485328 0.21 5.84 
2.35E-

05 2.49E-02 659 

M2142 1 79706261 0.73 -6.1 
8.25E-

06 1.23E-02 659 

M2143 1 79839200 0.23 5.91 
1.57E-

05 2.00E-02 659 

M2145 1 80057576 0.8 -6.27 
7.04E-

06 1.23E-02 659 

M2147 1 80243844 0.79 -5.69 
3.76E-

05 3.18E-02 659 
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M2148 1 80415290 0.21 5.69 
3.76E-

05 3.18E-02 659 

M2150 1 80634441 0.23 5.71 
3.06E-

05 2.89E-02 659 

M2152 1 80700936 0.19 -5.59 
6.67E-

05 4.52E-02 659 

M2153 1 80728151 0.81 5.59 
6.67E-

05 4.52E-02 659 

M2154 1 80788561 0.21 6.03 
1.22E-

05 1.72E-02 659 

M2158 1 80963263 0.79 -5.92 
1.74E-

05 2.01E-02 659 

M2159 1 80971384 0.23 5.6 
4.25E-

05 3.33E-02 659 

M2160 1 80989471 0.79 -5.92 
1.74E-

05 2.01E-02 659 

M2161 1 80997487 0.21 5.92 
1.74E-

05 2.01E-02 659 

M2165 1 81257859 0.23 5.6 
4.44E-

05 3.42E-02 659 

M2166 1 81308997 0.2 5.85 
2.93E-

05 2.86E-02 659 

M2710 1 115838612 0.75 -5.49 
4.52E-

06 1.23E-02 659 

M3033 1 145464586 0.67 -4.84 
5.76E-

05 4.12E-02 659 

M3541 1 186883993 0.18 6.06 
2.00E-

05 2.26E-02 659 

M3681 1 201673984 0.85 -5.9 
2.86E-

05 2.85E-02 659 

M8988 2 135636566 0.11 6.73 
4.65E-

05 3.53E-02 659 

M11762 3 67011470 0.41 -5.21 
3.12E-

05 2.89E-02 659 

M22491 6 69645724 0.2 4.93 
6.20E-

05 4.32E-02 659 

M31064 8 113154478 0.03 11.26 
6.97E-

05 4.66E-02 659 

M31112 8 116076462 0.34 4.6 
3.81E-

05 3.18E-02 659 

M33149 9 22022847 0.82 -6.14 
1.71E-

05 2.01E-02 659 

M34076 9 59442192 0.1 7.21 
2.20E-

05 2.37E-02 659 

M34077 9 59501126 0.93 -8.78 
2.10E-

05 2.32E-02 659 

M34092 9 60430081 0.91 -8.24 
7.98E-

06 1.23E-02 659 

M34096 9 60658089 0.92 -9.06 
2.62E-

06 1.23E-02 659 

M42832 12 39814951 0.53 -4.48 
1.47E-

05 2.00E-02 659 

M42889 12 41049051 0.31 4.75 
3.74E-

05 3.18E-02 659 

M22802 6 81478105 0.01 4.73 
1.47E-

06 3.73E-02 660 
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M22815 6 81879368 0.99 -4.73 
1.47E-

06 3.73E-02 660 

M6015 2 2169434 0.89 -21.31 
1.96E-

06 4.98E-02 741 

M9448 2 146141411 0.98 -44.01 
2.77E-

07 1.41E-02 741 

M10863 3 18148072 0.02 6.99 
5.14E-

09 2.61E-04 770 

M6254 2 8538003 0.78 -1.29 
6.08E-

07 3.09E-02 771 

M34096 9 60658089 0.92 -53.77 
1.64E-

05 4.50E-02 783 

M40070 11 42072634 0.61 47.44 
1.03E-

05 4.50E-02 783 

M40076 11 42642971 0.38 -46.82 
1.68E-

05 4.50E-02 783 

M40081 11 43085921 0.39 -47.09 
1.17E-

05 4.50E-02 783 

M40084 11 43194038 0.61 47.09 
1.17E-

05 4.50E-02 783 

M40094 11 43796581 0.61 47.09 
1.17E-

05 4.50E-02 783 

M40095 11 43807047 0.39 -47.09 
1.17E-

05 4.50E-02 783 

M40104 11 44852106 0.61 47.09 
1.17E-

05 4.50E-02 783 

M40105 11 44871231 0.61 47.09 
1.17E-

05 4.50E-02 783 

M40106 11 44956040 0.39 -47.09 
1.17E-

05 4.50E-02 783 

M40113 11 45225077 0.39 -46.7 
1.34E-

05 4.50E-02 783 

M40122 11 45882961 0.38 -47.05 
1.12E-

05 4.50E-02 783 

M40125 11 46050226 0.61 47.01 
1.21E-

05 4.50E-02 783 

M40127 11 46122263 0.38 -46.25 
1.50E-

05 4.50E-02 783 

M40129 11 46236151 0.61 47.01 
1.21E-

05 4.50E-02 783 

M40130 11 46274430 0.62 46.45 
1.49E-

05 4.50E-02 783 

M40132 11 46358406 0.62 46.57 
1.34E-

05 4.50E-02 783 

M40133 11 46372001 0.39 -46.62 
1.39E-

05 4.50E-02 783 

M40137 11 46563594 0.61 46.48 
1.56E-

05 4.50E-02 783 

M47284 13 193044253 0.47 -15.25 
4.06E-

08 2.06E-03 788 

M2600 1 107510989 0.77 -1.92 
1.69E-

06 4.29E-02 826 

M2601 1 107545649 0.24 1.73 
5.24E-

06 4.83E-02 826 

M2710 1 115838612 0.75 -1.59 
4.77E-

06 4.83E-02 826 
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M3194 1 159864659 0.76 -1.83 
5.07E-

06 4.83E-02 826 

M3541 1 186883993 0.18 2.1 
4.15E-

07 2.11E-02 826 

M35164 9 124476685 0.83 -1.85 
6.65E-

06 4.83E-02 826 

M35166 9 124513811 0.17 1.85 
6.65E-

06 4.83E-02 826 

M10863 3 18148072 0.02 9.87 
1.66E-

08 8.44E-04 940 

M50900 14 105209671 0.93 -2.84 
4.48E-

06 4.56E-02 976 

M50902 14 105261358 0.07 2.84 
4.48E-

06 4.56E-02 976 

M50965 14 108770088 0.91 -2.79 
2.71E-

06 4.56E-02 976 

M50967 14 108864925 0.91 -2.79 
2.71E-

06 4.56E-02 976 

M52702 15 8266622 0.38 -2.02 
9.28E-

07 4.56E-02 976 

M13981 4 7122047 0.33 0.58 
5.51E-

07 9.34E-03 1113 

M13982 4 7135769 0.33 0.58 
5.13E-

07 9.34E-03 1113 

M13983 4 7146525 0.33 0.58 
5.13E-

07 9.34E-03 1113 

M372 1 9858808 0.67 -3.13 
2.01E-

06 3.40E-02 1140 

M17032 4 130995037 0.98 -11.28 
1.26E-

06 3.40E-02 1140 

M39562 11 18711784 0.99 -11.5 
1.66E-

06 3.40E-02 1140 

M34735 9 99980635 0.98 -0.29 
6.47E-

07 3.29E-02 1176 

M46715 13 152590681 0.16 1.63 
9.24E-

07 2.35E-02 1239 

M46718 13 153245989 0.82 -1.59 
4.60E-

07 2.34E-02 1239 

M55655 15 148072735 0.51 4.43 
9.19E-

07 2.34E-02 1307 

M55664 15 148408213 0.51 6.35 
2.15E-

08 1.09E-03 1307 

M6465 2 13092623 0.38 1.13 
3.14E-

06 3.12E-02 1434 

M27076 7 85260716 0.38 1.12 
3.68E-

06 3.12E-02 1434 

M27078 7 85454377 0.62 -1.13 
3.14E-

06 3.12E-02 1434 

M27094 7 86421934 0.61 -1.1 
6.53E-

06 3.69E-02 1434 

M27115 7 87273988 0.71 -1.25 
2.55E-

06 3.12E-02 1434 

M27121 7 87541611 0.7 -1.16 
4.98E-

06 3.16E-02 1434 

M27122 7 87555700 0.66 -1.24 
1.70E-

06 3.12E-02 1434 
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M27146 7 88363304 0.35 1.2 
2.45E-

06 3.12E-02 1434 

M27155 7 88666002 0.35 1.18 
4.31E-

06 3.13E-02 1434 

M46503 13 136873082 0.48 -6.29 
2.07E-

07 5.25E-03 1446 

M46554 13 140107787 0.01 8.54 
2.10E-

08 1.07E-03 1446 

M61996 18 50984974 0.44 -0.08 
5.45E-

07 2.77E-02 1495 

M11855 3 72377099 0.81 -0.4 
4.41E-

07 4.29E-03 1502 

M43147 12 46134486 0.49 -2.03 
3.78E-

13 1.92E-08 1502 

M52178 14 146683511 0.85 -0.43 
5.06E-

07 4.29E-03 1502 

M52185 14 146793391 0.12 0.47 
3.04E-

07 3.87E-03 1502 

M52186 14 146805572 0.12 0.47 
3.04E-

07 3.87E-03 1502 

M52198 14 147003080 0.13 0.48 
1.60E-

07 3.87E-03 1502 

M46502 13 136822110 0.52 5.13 
1.61E-

06 4.09E-02 1526 

M46554 13 140107787 0.01 8.05 
1.74E-

07 8.85E-03 1526 
OTU: Operational taxonomic unit; SNPID: SNP identification; Chr: Chromosome; Pos: Position (bp); Freq: 

frequency of target allele; Effect: allele substitution effect; FDR: genome-wide false discovery rate. 
 
 
 
Table 4. Effects of significant SNP on offtest-OTU counts 

SNPID Chr Pos Freq Effect P.value FDR OTU 

M7599 2 60318677 0.29 4.79 
4.24E-

06 4.31E-02 17 

M9012 2 136363186 0.54 4.46 
5.14E-

06 4.35E-02 17 

M11079 3 27083041 0.49 4.56 
3.60E-

06 4.31E-02 17 

M34927 9 114719617 0.43 5.62 
8.62E-

07 2.19E-02 17 

M37071 10 22010713 0.47 -4.36 
3.38E-

06 4.31E-02 17 

M37182 10 24618994 0.49 -4.62 
6.89E-

07 2.19E-02 17 

M41213 11 82892319 0.66 -4.88 
1.22E-

06 3.10E-02 189 

M41215 11 82923271 0.33 4.88 
6.20E-

07 3.10E-02 189 

M42395 12 22141410 0.73 -1.63 
4.83E-

07 2.45E-02 194 

M42681 12 34393007 0.36 0.98 
3.03E-

07 1.54E-02 229 

M2600 1 107510989 0.77 4.57 
3.43E-

06 2.38E-02 284 
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M2848 1 125912707 0.21 -4.58 
3.75E-

06 2.38E-02 284 

M2870 1 128301842 0.8 4.77 
1.57E-

06 1.60E-02 284 

M2872 1 128548435 0.8 4.77 
1.57E-

06 1.60E-02 284 

M2890 1 130083642 0.2 -4.77 
1.57E-

06 1.60E-02 284 

M3070 1 148033568 0.46 3.18 
7.73E-

06 4.36E-02 284 

M26338 7 44938113 0.53 3.61 
1.41E-

06 1.60E-02 284 

M26339 7 44949694 0.47 -3.61 
1.43E-

06 1.60E-02 284 

M34961 9 116296807 0.16 -5.04 
1.91E-

06 1.62E-02 284 

M4821 1 282343814 0.04 1.71 
1.27E-

06 3.43E-02 319 

M61886 18 47812323 0.39 -0.71 
1.35E-

06 3.43E-02 319 

M1602 1 52884774 0.22 -10.7 
1.10E-

05 3.36E-02 357 

M1637 1 54334627 0.19 -10.78 
1.43E-

05 3.62E-02 357 

M1638 1 54366953 0.19 -10.78 
1.43E-

05 3.62E-02 357 

M1661 1 55723426 0.18 -11.4 
5.96E-

06 3.03E-02 357 

M1662 1 55748083 0.18 -11.19 
7.93E-

06 3.36E-02 357 

M1675 1 56155069 0.16 -12.31 
1.70E-

06 1.44E-02 357 

M1681 1 56298108 0.16 -12.12 
2.50E-

06 1.59E-02 357 

M1683 1 56355656 0.82 10.76 
1.82E-

05 4.21E-02 357 

M1689 1 56551557 0.82 11.23 
8.77E-

06 3.36E-02 357 

M1690 1 56564569 0.82 11.23 
8.77E-

06 3.36E-02 357 

M1704 1 57347915 0.18 -10.62 
2.33E-

05 4.93E-02 357 

M1705 1 57397818 0.82 10.62 
2.33E-

05 4.93E-02 357 

M1722 1 58093613 0.83 11.18 
1.12E-

05 3.36E-02 357 

M2776 1 120638977 0.55 -7.49 
1.80E-

05 4.21E-02 357 

M3876 1 217259546 0.2 -11.9 
1.49E-

06 1.44E-02 357 

M14893 4 37573465 0.29 -11.27 
2.32E-

06 1.59E-02 357 

M14901 4 38291737 0.7 11.42 
1.49E-

06 1.44E-02 357 

M14916 4 39025906 0.49 -8.11 
4.05E-

06 2.29E-02 357 
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M14919 4 39076273 0.34 -9.45 
1.07E-

05 3.36E-02 357 

M15822 4 93446477 0.52 -10.96 
1.34E-

07 3.42E-03 357 

M15823 4 93464145 0.52 -10.96 
1.34E-

07 3.42E-03 357 

M15824 4 93480090 0.52 -10.78 
2.25E-

07 3.81E-03 357 

M15825 4 93498852 0.43 -11.53 
1.05E-

05 3.36E-02 357 

M27178 7 89479074 0.54 10.23 
1.35E-

05 3.62E-02 357 

M15822 4 93446477 0.52 -14.5 
1.71E-

06 3.44E-02 389 

M15823 4 93464145 0.52 -14.5 
1.71E-

06 3.44E-02 389 

M15824 4 93480090 0.52 -14.42 
2.03E-

06 3.44E-02 389 

M26108 7 35325001 0.73 13.77 
3.36E-

06 4.13E-02 389 

M26109 7 35356274 0.73 13.65 
4.07E-

06 4.13E-02 389 

M27516 7 101068571 0.91 -58.09 
1.70E-

07 8.63E-03 897 

M48994 14 16098649 0.52 -0.99 
6.56E-

07 2.27E-02 916 

M48999 14 16172730 0.51 -1.01 
8.95E-

07 2.27E-02 916 

M49002 14 16280268 0.5 0.93 
2.61E-

06 4.42E-02 916 

M49273 14 25936524 0.41 1.36 
1.84E-

06 4.67E-02 963 

M49274 14 25957121 0.41 1.36 
1.84E-

06 4.67E-02 963 

M49448 14 32632928 0.59 -10.85 
1.30E-

07 6.61E-03 1063 

M3787 1 209315976 0.9 -110.99 
3.22E-

05 4.96E-02 1085 

M9431 2 145654017 0.53 237.14 
2.28E-

06 2.30E-02 1085 

M24087 6 138921625 0.03 186.46 
1.96E-

05 3.95E-02 1085 

M24100 6 139182914 0.72 -90.38 
1.18E-

05 2.99E-02 1085 

M24115 6 139499043 0.44 120.36 
8.76E-

06 2.89E-02 1085 

M24118 6 139559272 0.56 -120.8 
7.72E-

06 2.89E-02 1085 

M41697 12 7265733 0.53 -69.74 
2.57E-

05 4.41E-02 1085 

M42294 12 20152630 0.74 89.23 
5.82E-

06 2.89E-02 1085 

M50053 14 62339756 0.54 -71.83 
2.10E-

05 3.95E-02 1085 

M50068 14 63287807 0.57 73.54 
2.65E-

05 4.41E-02 1085 
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M50075 14 63498807 0.52 71.59 
3.19E-

05 4.96E-02 1085 

M51060 14 113376632 0.6 117.14 
1.07E-

05 2.89E-02 1085 

M51066 14 113554994 0.6 115.27 
1.44E-

05 3.48E-02 1085 

M51076 14 114194502 0.4 -113.74 
1.93E-

05 3.95E-02 1085 

M51079 14 114439124 0.28 82.22 
1.75E-

05 3.95E-02 1085 

M51080 14 114443273 0.81 -90.68 
2.18E-

05 3.95E-02 1085 

M51082 14 114488639 0.28 80.36 
2.69E-

05 4.41E-02 1085 

M51083 14 114559739 0.28 84.42 
1.08E-

05 2.89E-02 1085 

M51084 14 114586489 0.28 84.98 
9.51E-

06 2.89E-02 1085 

M51085 14 114587543 0.19 96.23 
7.36E-

06 2.89E-02 1085 

M51086 14 114610574 0.72 -84.98 
9.51E-

06 2.89E-02 1085 

M51087 14 114688471 0.72 -84.98 
9.51E-

06 2.89E-02 1085 

M51088 14 114803353 0.6 127.45 
1.94E-

06 2.30E-02 1085 

M51089 14 114804324 0.28 84.98 
9.51E-

06 2.89E-02 1085 

M51090 14 114808000 0.6 127.45 
1.94E-

06 2.30E-02 1085 

M51095 14 115043532 0.29 82.17 
2.03E-

05 3.95E-02 1085 

M51096 14 115122766 0.4 -124.39 
3.16E-

06 2.30E-02 1085 

M51099 14 115222301 0.4 -124.39 
3.16E-

06 2.30E-02 1085 

M51100 14 115241948 0.4 -124.39 
3.16E-

06 2.30E-02 1085 

M51101 14 115284002 0.4 -125.59 
2.63E-

06 2.30E-02 1085 

M51110 14 115729764 0.61 116.48 
1.04E-

05 2.89E-02 1085 

M51119 14 116383375 0.39 -117.62 
8.82E-

06 2.89E-02 1085 

M59006 17 17836349 0.95 -168.07 
1.97E-

05 3.95E-02 1085 

M35010 9 118049031 0.03 46.54 
1.50E-

06 3.66E-02 1103 

M46621 13 144946742 0.39 -17.14 
3.06E-

06 3.66E-02 1103 

M46622 13 144981309 0.61 17.14 
3.06E-

06 3.66E-02 1103 

M46623 13 145009805 0.38 -18.31 
5.11E-

07 2.60E-02 1103 

M47333 13 195348150 0.81 -20.56 
3.61E-

06 3.66E-02 1103 
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M27516 7 101068571 0.91 -41.34 
2.32E-

07 1.18E-02 1160 

M3111 1 154688621 0.94 -2 
3.93E-

06 2.50E-02 1593 

M3126 1 155692552 0.06 2.16 
1.14E-

06 1.16E-02 1593 

M24799 6 157260978 0.99 -4.45 
1.56E-

06 1.16E-02 1593 

M26715 7 58693956 0.01 4.91 
1.10E-

07 1.87E-03 1593 

M26717 7 58859478 0.99 -4.52 
1.59E-

06 1.16E-02 1593 

M26726 7 59703640 0.01 4.91 
1.10E-

07 1.87E-03 1593 

M26735 7 60335543 0.01 4.91 
1.10E-

07 1.87E-03 1593 

M47785 13 206315117 0.98 -4.06 
1.35E-

06 1.16E-02 1593 
OTU: Operational taxonomic unit; SNPID: SNP identification; Chr: Chromosome; Pos: Position (bp); Freq: 

frequency of target allele; Effect: allele substitution effect; FDR: genome-wide false discovery rate. 
 
 
Table 5. Functional annotation for genes in chromosome regions that contain SNPs significant for taxa 
 

       

Category Term 
Co

unt % 
PVal

ue 
List 

Total 
Pop 

Hits 
Pop 

Total 
Fold 

Enrichment 
Bonferroni 

Adjusted P value 
UP_KEYW

ORDS 
Antiviral 

defense 39 
9.

15 
1.43

E-50 270 66 
1561

5 34.17 1.80E-48 
UP_KEYW

ORDS Cytokine 37 
8.

68 
1.10

E-33 270 130 
1561

5 16.46 1.39E-31 
UP_KEYW

ORDS Secreted 43 
10

.09 
1.36

E-15 270 573 
1561

5 4.34 1.68E-13 
UP_KEYW

ORDS 
Disulfide 

bond 50 
11

.74 
1.10

E-09 270 1119 
1561

5 2.58 1.39E-07 
UP_KEYW

ORDS Signal 60 
14

.08 
7.23

E-04 270 2279 
1561

5 1.52 8.71E-02 
UP_KEYW

ORDS Glycolysis 3 
0.

7 
3.77

E-02 270 18 
1561

5 9.64 9.92E-01 
UP_KEYW

ORDS 
Ribosomal 

protein 5 
1.

17 
6.12

E-02 270 86 
1561

5 3.36 1.00E+00 
UP_KEYW

ORDS Isomerase 4 
0.

94 
6.90

E-02 270 55 
1561

5 4.21 1.00E+00 
UP_KEYW

ORDS 
rRNA-

binding 2 
0.

47 
9.90

E-02 270 6 
1561

5 19.28 1.00E+00 
 

Table 6. KEGG pathway annotation for genes in chromosome regions that contain SNPs significant for taxa 
 
 

Category Term 
Cou
nt % 

PValu
e 

List 
Total 

Pop 
Hits 

Pop 
Total 

Fold 
Enrichmen
t 

Bonferroni 
Adjusted P value 

KEGG_PAT
HWAY 

ssc04622:RIG-I-like receptor 
signaling pathway 10 

2.
35 

1.03E
-06 112 68 7001 9.19 1.81E-04 

KEGG_PAT
HWAY ssc05162:Measles 11 

2.
58 

4.13E
-05 112 132 7001 5.21 7.25E-03 

KEGG_PAT
HWAY 

ssc04623:Cytosolic DNA-sensing 
pathway 8 

1.
88 

4.49E
-05 112 61 7001 8.19 7.87E-03 

KEGG_PAT
HWAY 

ssc04650:Natural killer cell 
mediated cytotoxicity 10 

2.
35 

4.83E
-05 112 108 7001 5.79 8.46E-03 

KEGG_PAT
HWAY 

ssc04630:Jak-STAT signaling 
pathway 11 

2.
58 

6.84E
-05 112 140 7001 4.91 1.20E-02 
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KEGG_PAT
HWAY 

ssc05320:Autoimmune thyroid 
disease 7 

1.
64 

1.25E
-04 112 50 7001 8.75 2.18E-02 

KEGG_PAT
HWAY 

ssc04151:PI3K-Akt signaling 
pathway 15 

3.
52 

5.94E
-04 112 326 7001 2.88 9.92E-02 

KEGG_PAT
HWAY ssc05160:Hepatitis C 9 

2.
11 

8.70E
-04 112 127 7001 4.43 1.42E-01 

KEGG_PAT
HWAY 

ssc04620:Toll-like receptor 
signaling pathway 8 

1.
88 

1.05E
-03 112 101 7001 4.95 1.69E-01 

KEGG_PAT
HWAY 

ssc04060:Cytokine-cytokine 
receptor interaction 11 

2.
58 

1.26E
-03 112 201 7001 3.42 1.99E-01 

KEGG_PAT
HWAY ssc05164:Influenza A 10 

2.
35 

1.27E
-03 112 167 7001 3.74 2.00E-01 

KEGG_PAT
HWAY 

ssc05168:Herpes simplex 
infection 10 

2.
35 

2.30E
-03 112 182 7001 3.43 3.33E-01 

KEGG_PAT
HWAY ssc05152:Tuberculosis 9 

2.
11 

6.22E
-03 112 174 7001 3.23 6.67E-01 

KEGG_PAT
HWAY ssc05161:Hepatitis B 8 

1.
88 

9.89E
-03 112 151 7001 3.31 8.26E-01 

KEGG_PAT
HWAY 

ssc04120:Ubiquitin mediated 
proteolysis 6 

1.
41 

6.12E
-02 112 134 7001 2.79 1.00E+00 

KEGG_PAT
HWAY ssc00052:Galactose metabolism 3 

0.
7 

6.76E
-02 112 27 7001 6.94 1.00E+00 
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We evaluated the effectiveness of longitudinal microbiome data to inform prediction of growth and carcass 
composition in swine. For this purpose, we employed and contrasted models that have been proven successful in 
the genomic selection arena in order to provide the blueprint for the future routine inclusion of microbiome 
information in selection programs. We evaluated the performance of the proposed models in a cross-validation 
setting. We further tested the overall experimental design with a mixed model based post-analysis. 

Microbiome composition over time 
The distribution of taxonomic abundances for the three time points measured (weaning, 15 weeks, and 22 
weeks) in the current population has been described in detail recently by Lu and colleagues19. Since the 
objective of the current paper was not to provide the ecological landscape of the population measured, the reader 
is referred to that paper for more details. Briefly, at the three different stages of pig development, there were 14, 
21, 29, 54, 106, and 202 identified phyla, classes, orders, families, genera, and species, respectively. For the 
three sampling points, 95.79–97.80% of the OTUs were classified into six phyla: Firmicutes, Bacteroidetes, 
Proteobacteria, Fusobacteria, Spirochaetes, and Actinobacteria. Bacteria that were in the phylum Firmicutes 
represented the majority of the total population followed by Bacteroidetes. To evaluate the ability of the 
microbiome to predict phenotypic measures, we conducted a preliminary analysis to investigate how different 
sampling times affected fecal microbiome composition. To do so, we fitted a random forest model similar to the 
one employed for growth and carcass traits (see Methods), with the only difference that in this case the model 
was used to classify each observation into one of the three sampling times. We report the results of the five-fold 
classification in Fig. 1, which depicts the normalized classification confusion matrix at weaning, 15 weeks and 
22 weeks. Individual time measurements constituted three distinct microbial populations. The accuracy of 
classification was in all cases extremely high (>95%). The misclassification rate was marginally higher for 
15 wk and 22 wk (~3%). This result is in line with a report by Lu and colleagues which identified two distinct 
microbial enterotypes at weaning but less distinct clustering at later time points. 

 
Figure 1 Normalized classification confusion matrix of microbiome composition at three time points. Wean = Weaning, 15wk = 15 
weeks, 22wk = 22 weeks. Confusion matrix obtained with an RF model from a five-fold cross-validation. 
 

https://www.nature.com/articles/s41598-019-43031-x#ref-CR19
https://www.nature.com/articles/s41598-019-43031-x#Fig1
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Cross-validation highlights a significant effect of microbiome for growth and carcass prediction 
We first evaluated the power of microbiome data in predicting several growth parameters in a healthy 
population of crossbred sires originating from the mating of 28 founding sires’ families. For this purpose we 
considered: weights, back fat, loin area and depth traits measured at 14 and 22 weeks of a growth trial as well as 
daily gain measures for the same period. These were coupled with fecal microbiome information obtained for 
the same individuals at weaning as well as week 15 and 22 of the trial. Each trait was analyzed independently 
using a cross-validation scheme, in which some samples’ phenotypes and OTUs were employed to train the 
statistical models, and the remainder were used to validate the predictions. We considered three classes of 
models in the analyses: one model from the Bayesian alphabet family, Bayesian Lasso (BL); two machine 
learning approaches, Random Forest (RF) and Gradient Boosting Machine (GBM); and one semi-parametric 
method, Reproducing Kernel Hilbert Space (RKHS). We chose these models as representative of the most 
widely used methods for genomic prediction in livestock and crops. We have done this to emphasize the 
similarity of the analyses proposed in the current work to genomic selection approaches, both in scope and 
methodology, as well as to provide a baseline to expand upon, with the inclusion of genomic information in 
future comparisons. 

Figs 2, 3 and 4 report the accuracies of prediction for each trait, fecal microbiome time point, and method 
combination. Microbiome contribution to prediction was measured as deviation from a null model which 
included only the effects of sex, sire, weight at weaning, and replicate. It should be noted that the null model 
was fitted in all cases within each of the algorithms proposed. For ease of comparison, null models performance 
is represented as the average of null models across methods. Inclusion of OTU abundances in the prediction 
models increased accuracies in most instances with respect to the null model. Nonetheless, the amount varied 
according to the microbiome time point. In general, the inclusion of microbiome composition at weaning had 
low predictive power for daily gain traits as well as carcass measures obtained at week 15 and 22 (Fig. 2). For 
daily gain traits (panel A), the inclusion of microbiome information increased accuracies of prediction by ~3%, 
yet in all cases, 90% CI of the prediction (panel C) overlapped between the null and the biom models, for all 
algorithms employed. Daily gain in later stages of the trial was better predicted than early growth, regardless of 
the inclusion of microbiome information. Similar trends were observed for carcass traits measured at weeks 14 
and 22, with predictions ranging from ~15% for loin depth (panels B, C), to ~40% for back fat, for both null and 
OTU models. Conversely, microbiome composition at week 15 substantially increased accuracy in the test sets 
(Fig. 3). The amount was dependent on the trait/time combination. In general, and as expected, microbiome 
composition increased prediction accuracies more for traits measured concomitantly with the microbiome 
sampling. For daily gain traits (panel A) the inclusion of microbiome information increased the accuracy of 
prediction of early growth from ~20% for the null model for daily gain from birth to week 14 and from weaning 
to week 14 to ~40 and 45% for the same two traits. Similarly, for all traits measured at week 14 (panel B), 
microbiome information boosted prediction accuracy significantly, with gains of ~0.20 for weight and back fat 
and ~0.05 and 0.10 for loin depth and area, respectively. Similar trends were seen for week 22 traits, albeit with 
smaller increases and with overlapping 90% CI (panel D) for several of the traits, with the exception of weight. 
Figure 4 depicts results of cross-validation predictions for microbiome measured at week 22. It should be noted 
that given the temporal succession of sampling, combinations of phenotypes measured at week 14 and 
microbiome at week 22 should be interpreted with caution due to the temporal succession of the measures. 
Again, for most traits microbiome information increased prediction accuracy. Yet, for most trait/model 
combinations the increase was not significant. Specifically, and focusing on week 22 traits, only weight and 
back fat benefited from including OTU with gains of ~0.08 for back fat and ~0.05 for weight. Interestingly, 
including OTU abundances did not increase accuracy of prediction for later daily gains traits (from week 14 to 
week 22 and from week 14 to market). 
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Figure 2. Accuracy of prediction for microbiome composition at Weaning. Panel (A) Accuracy for daily gain traits, Panel (B) Accuracy for 
Week 14 traits, Panel (C) Accuracy for Week 22 traits, Panel (D) 90% confidence interval for model/trait combinations. Confusion matrix 
obtained with a RF model from a five-fold cross-validation. BL = Bayesian Lasso, RF = Random Forest, GBM = Gradient 
Boosting Machine, RKHS = Reproducing Kernel Hilbert Space. ADGBto14 = Average Daily Gain Birth to week14, ADGWto14 = Average 
Daily Gain Weaning to week14, ADG14to22 = Average Daily Gain week14 to week22, ADG14toMKT = Average Daily Gain week 14 to 
Market, Week14Wt = weight at week14, Week14BF = backfat at week14, Week14LD = loin depth at week14, Week14LEA = loin eye area at 
week14, Week22Wt = weight at week22, Week22BF = backfat at week22, Week22LD = loin depth at week22, Week22LEA = loin eye area at 
week22. Red outlines indicate prediction significantly different from null model. 
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Figure 3 Accuracy of prediction for microbiome composition at Week 15. Panel (A) Accuracy for daily gain traits, Panel (B) Accuracy for 
Week 14 traits, Panel (C) Accuracy for Week 22 traits, Panel (D) 90% confidence interval for model/trait combinations. Confusion matrix 
obtained with a RF model from a five-fold cross-validation. BL = Bayesian Lasso, RF = Random Forest, GBM = Gradient 
Boosting Machine, RKHS = Reproducing Kernel Hilbert Space. ADGBto14 = Average Daily Gain Birth to week14, ADGWto14 = Average 
Daily Gain Weaning to week14, ADG14to22 = Average Daily Gain week14 to week22, ADG14toMKT = Average Daily Gain week14 to 
Market, Week14Wt = weight at week14, Week14BF = backfat at week14, Week14LD = loin depth at week14, Week14LEA = loin eye area at 
week14, Week22Wt = weight at week22, Week22BF = backfat at week22, Week22LD = loin depth at week22, Week22LEA = loin eye area at 
week22. Red outlines indicate prediction significantly different from null model. 
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Figure 4. Accuracy of prediction for microbiome composition at Week 22. Panel (A) Accuracy for daily gain traits, Panel (B) Accuracy for 
Week 14 traits, Panel (C) Accuracy for Week 22 traits, Panel (D) 90% confidence interval for model/trait combinations. Confusion matrix 
obtained with a RF model from a five-fold cross-validation. BL = Bayesian Lasso, RF = Random Forest, GBM = Gradient 
Boosting Machine, RKHS = Reproducing Kernel Hilbert Space. ADGBto14 = Average Daily Gain Birth to week14, ADGWto14 = Average 
Daily Gain Weaning to week14, ADG14to22 = Average Daily Gain week14 to week22, ADG14toMKT = Average Daily Gain week14 to 
Market, Week14Wt = weight at week14, Week14BF = backfat at week14, Week14LD = loin depth at week14, Week14LEA = loin eye area at 
week14, Week22Wt = weight at week22, Week22BF = backfat at week22, Week22LD = loin depth at week22, Week22LEA = loin eye area at 
week22. Red outlines indicate prediction significantly different from null model. 
 
The results presented are in line with what has been observed in other studies. He and colleagues found that 
swine gut microbiome had a moderate effect on fat with microbiome explaining from 1.5% to 2.73% phenotypic 
variance for average back fat and abdominal fat weight, respectively. Similarly, Fang and colleagues found 119 
OTUs associated with intramuscular fat in growing pigs. Furthermore, McCormack et al. identified several gut 
microbes potentially associated with porcine feed efficiency and Yang and colleagues identified two potential 
enterotypes in Duroc pigs associated with residual feed intake. Data on daily gain and weight is more sparse yet, 
for example, Ramayo et al. identified clusters of piglets based on OTU abundance, significantly associated with 
body weight at 60 d and average daily gain. It is worth noting that in most cases these studies focused on either 
the identification of ecological populations of bacteria or the identification of specific OTUs associated with a 
particular phenotype. To the best of our knowledge, this is the first attempt to rigorously characterize the overall 
predictive ability of the microbiome for growth and carcass traits in swine, and livestock in general. In our 
analysis in most cases the inclusion of microbiome composition data boosted prediction accuracy beyond what 
expected by the identification of few important taxonomical units, not dissimilarly from what observed in 
genomic predictions in several livestock species , suggesting a more complex interconnection between different 
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OTUs and microbiome compositions than highlighted in previous studies. Furthermore, a growing body of 
literature exists pointing to a rich interplay between the pig and its metagenome . This represents both a 
challenge and an opportunity to incorporate microbiome information in selection programs effectively. The 
microbiome could potentially be considered an entirely environmental source of variation but also one at least 
partially under the direct control of the host. The methods employed in the current analysis would prove 
extremely flexible in integrating the full spectrum of variability generated by the availability of microbiome and 
host genomic data. Some of these approaches could be applied directly following GxE examples in both plants 
and livestock . 

Model choice partially influences prediction accuracy, with results depending on the time-trait 
combination 
We investigated the effectiveness of different model classes to incorporate microbiome information for the 
prediction of growth and carcass phenotypes in pigs. We chose models ranging from completely, to semi, to 
non-parametric to recognize and possibly capture the complex interdependent structure of OTUs compositions. 
The models were tested independently for each trait time point combination. We evaluated the performance by 
comparing models including microbiome composition to a baseline model including only general design factors 
(see Methods). Bayesian Lasso is one model of the “Bayesian Alphabet” family, that has gained popularity in 
genomic selection due to its ability to effectively handle large p small n problems in genomic prediction as well 
as providing a framework for feature selection. BL was proposed by Xu et al.  and de los Campos et al. . We 
chose it as one of the most robust and popular choices in the parametric class of models. Reproducing Kernel 
Hilbert Space is a particularly flexible class of semi-parametric models that have been proposed to fit complex 
multidimensional data. They have recently gained popularity in livestock and crop breeding thanks to the work 
of Gianola and colleagues  and of de los Campos et al. . Models of this class rely on the choice of an appropriate 
kernel that is then employed in models of form not dissimilar from the mixed models commonly employed in 
breeding settings. Random Forest is an ensemble method fitting decision trees on various sub-samples of the 
dataset . Random forest models are generally robust to over-fitting and can capture complex interaction 
structures in the data . Gradient Boosting is an alternative ensemble method  aimed at combining predictors, in 
this case in a sequential manner, by forming committees of predictors with higher predictive ability than single 
ones. Panel D of Figs 3, 4 and 5 portrays point estimates and 90% CI for each model-trait combination. In the 
vast majority of cases, the choice of model was a wash. In our analysis we weren’t able to identify a clear 
winner, and for the most part models’ CIs largely overlapped. Reproducing Kernel Hilbert Space models 
emerged as the most stable approach across scenarios in terms of ranking and magnitude of the CI, followed by 
Bayesian Lasso and Random Forest,while Gradient Boosting showed the largest variation in performance across 
trait times. At weaning gradient boosting models in some cases performed worse than the null model. This is 
unsurprising though, as in most cases microbiome data at weaning contributed little to the learning of the 
models. Our results are similar to what has been observed for the prediction of complex traits with genomic 
information in both plants and in livestock, where different classes of models performed similarly over a wide 
variety of conditions so that in most cases the choice of model is somewhat more dependent on population and 
data structure than that the underlying biological signal. It is important to note that while for DNA 
polymorphism- informed predictions marker information is somewhat, (loosely speaking) a fixed parameter, 
OTU composition can be much more variable across both individuals and experimental settings, due to 
variability in sampling procedures, environmental conditions, as well as the bioinformatic machinery employed 
in obtaining taxonomical units. While we do recognize that some of this variability cannot be effectively 
managed through statistical modeling, we also believe that some of these models might be more flexible in 
handling such sources of variation. This should be the subject of further investigation, and it is beyond the scope 
of the current paper. Within this work and in recognition of this complexity, we attempted to overcome some of 
these limitations by obtaining prediction accuracies averaged across models. Results from this analysis were 
obtained by pooling information across replicate and methods and are presented in Fig. 6. Results in this case 
are presented with two competing models, a null model (obtained again pooling null fit across methods) and a 
microbiome model (biom) obtained by averaging the performance of each trait/method combination. Results for 
the most part recapitulate what is presented in the previous section. In some cases, differences between null and 
microbiome model have shrunk (e.g. for week 22 back fat).  
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Figure 5. Model Average accuracy of prediction for microbiome composition at Weaning week 14 and week 
22. Null = Average of null models. Biom = Average of Microbiome models. ADGBto14 = Average Daily Gain 
Birth to week14, ADGWto14 = Average Daily Gain Weaning to week14, ADG14to22 = Average Daily Gain 
week14 to week22, ADG14toMKT = Average Daily Gain week14 to Market, Week14Wt = weight at 
week14, Week14BF = backfat at week14, Week14LD = loin depth at week14, Week14LEA = loin eye area at 
week14, Week22Wt = weight at week22, Week22BF = backfat at week22, Week22LD = loin depth at 
week22, Week22LEA = loin eye area at week22. Red outlines indicate prediction significantly different from 
null model. 
  
Post-analysis of the results 
We attempted to evaluate the overall influence of all factors in the design on predictive performance with a 
post-analysis of the cross-validation study. To do so we employed a standard LMM approach (see Methods) and 
obtained least square mean estimates and contrasts for all variables in the analysis. Namely we fitted the effect 
of the inclusion of microbiome information, the algorithm used for the analysis, the time point at which the fecal 
microbiome was sampled, the trait analyzed and all the pairwise interactions. The response variable was in this 
case the accuracy of prediction in the cross-validation experiment. Results of this investigation are reported in 
Table 2 and Fig. 7. Table 2reports the Type III ANOVA of the overall experimental design. All factors and their 
interactions were highly significant with the exception of the interaction between Algorithm and Trait. The 
interaction between algorithm and time point was also just below the 𝑃𝑃<0.05P<0.05significance threshold. 
Figure 7 depicts the least square means of the significant main effects and their interactions. The inclusion of 
microbiome data (averaged over all other factors) increased the prediction ability of models by approximately 
4% over the null model (0.321 vs. 0.281). Of the models considered, and as seen in the previous sections, GBM 
was the one with the lowest predictive ability (0.26) while RKHS was the one with the highest predictive power 
(0.32), although nearly identical to Bayesian Lasso and Random Forest algorithms. Microbiome information 
collected at week 15 had the highest predictive power (0.335) compared to weaning which had the lowest 
Differences between the first and the two latter were ~5% and ~4%, respectively. Daily gain traits and back fat 
traits were the best predicted, while loin traits, both area and depth, had the lowest accuracies. The Interaction 
between different models and the inclusion of microbiome data shows once again that RKHS models performed 
best regardless of the presence of microbiome data. Interestingly both Random Forest and Gradient Boosting 
were the algorithms that gained the most from the inclusion of OTU information, with improvements versus the 
null model of ~5% in both cases. Similar trends were observed for the time point-algorithm interaction. Finally, 
the interaction of microbiome information with time points highlight how, in our data, microbiome information 
collected at week 15 largely outperforms (~10%) all other time point (as well as null models). To the best of our 
knowledge, this is the first attempt to formally assess microbiome predictions in livestock. Comparable models 

https://www.nature.com/articles/s41598-019-43031-x#Tab2
https://www.nature.com/articles/s41598-019-43031-x#Fig7
https://www.nature.com/articles/s41598-019-43031-x#Tab2
https://www.nature.com/articles/s41598-019-43031-x#Fig7
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have been used with human microbiome data to predict disease, and with soil microbiome data to predict crop 
yield. In both cases, the use of microbiome data improved predictive power, but given the vast diversity of both 
scope and measures, it is difficult to draw a direct comparison. 
 
 
 

 
 
 
Figure 7. Least Square Means and SE for main effects and interactions for the post-analysis of the experimental 
design. Timepoint = 3 levels (Weaning, 15 weeks, 22 weeks), Algorithm = 4 levels (Bayesian Lasso, 
Reproducing Kernel Hilbert Space, Random Forest, Gradient Boosting Machine) Trait = 12 levels 
(“ADGBto14”, “ADGWto14”, “ADG14to22”, “ADG14toMKT”, “Week14Wt”, “Week14BF”, “Week14LD”, 
“Week14LEA”, “Week22Wt”, “Week22BF”, “Week22LD”, “Week22LEA”), Biom = 2 levels (null, 
microbiome). All elements with (:) represent pairwise interactions. 
 

  Sum Sq Mean Sq F value Pr (>F) 

Timepoint 0.272 0.136 87.637 0.000*** 

Algorithm 0.270 0.090 57.937 0.000*** 
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  Sum Sq Mean Sq F value Pr (>F) 

Trait 8.889 0.593 381.430 0.000*** 

Biom 0.281 0.281 180.905 0.000*** 

Timepoint:Algorithm 0.020 0.003 2.164 0.047* 

Timepoint:Trait 0.258 0.009 5.543 0.000*** 

Timepoint:Biom 0.148 0.074 47.746 0.000*** 

Algorithm:Trait 0.083 0.002 1.186 0.208 

Algorithm:Biom 0.027 0.009 5.900 0.001** 

Trait:Biom 0.287 0.019 12.311 0.000*** 

 

Table 2. ANOVA table of the post-analysis of the experimental design. Timepoint = 3 levels (Weaning, 15 
weeks, 22 weeks), Algorithm = 4 levels (Bayesian Lasso, Reproducing Kernel Hilbert Space, Random Forest, 
Gradient Boosting) Trait = 12 levels (“ADGBto14”, “ADGWto14”, “ADG14to22”, “ADG14toMKT”, 
“Week14Wt”, “Week14BF”, “Week14LD”, “Week14LEA”, “Week22Wt”, “Week22BF”, “Week22LD”, 
“Week22LEA”), Biom = 2 levels (null, microbiome). All rows with (:), represent pairwise interactions. 

 
Discussion: 
 
 
Discussion Objective 1 
 
The overall goal of this project was to investigate the potential contribution of information from the pig fecal 
microbiome to the genetic improvement of the pig. The analyses presented here are our first steps toward better 
understanding temporal changes in the pig’s fecal microbiome, with respect to both community composition and 
diversity, and toward exploring the potential influence of the host’s genetic background on variation in microbiota 
diversity over time. The gut microbiota of the animals in this study were predominated by two phyla, Firmicutes and 
Bacteroidetes, in agreement with published research]. However, the most abundant genus at all three time points in 
our dataset was Clostridium, instead of Prevotella . The colonization of Clostridium and other genera, 
including Escherichiaand Prevotella, begins immediately following birth and could be disrupted by changes in 
living environment and the host conditions. At weaning, the pigs were removed from their mothers and exposed to 
changes in both diet and living environment. All of these changes might have impacted the gut microbial ecosystem 
established prior to weaning, during which the piglets were trained on concentrate food. Our data suggest weaning 
animals can be divided into two distinct enterotypes: (1) a Prevotella-enriched cluster which might represent those 
communities accustomed to feed rich in plant polysaccharides and (2) an Escherichia-enriched cluster in which the 
presence of Enterococcus might indicate gut health disruption. Analyses of enterotypes in this study were based on 
the assumption that there existed at least two enterotypes among the pigs at each time point, and we were interested 
in their potential association with back fat deposition and growth rate. The pigs used in this study did not clustered 
into Prevotellaand Ruminococcus enterotypes as reported in pigs [2] nor did they group distinctively 
into Prevotella, Bacteroides, and Ruminococcus enterotypes as reported in human research. The difference in 
enterotypes between this research and aforementioned studies might have been partly attributed to the difference in 
the genetic background of the host. From a genetics point of view, the pigs used in this study were from a population 
under selection for growth and thus might have been less diverse than the hosts in the other studies. In terms of 
association between enterotypes and phenotypes, the results presented herein contradicted the findings reported in, 
in which significant association was observed between enterotypes at 36 days of age with average daily gain at 
70 days of age. Enterotypes identified among week 15 and off-test pigs in our study were significantly associated 

https://microbiomejournal.biomedcentral.com/articles/10.1186/s40168-017-0384-1#CR2
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with only back fat thickness. Association between the identified enterotypes and alpha diversity was not clear in our 
study and might be further studied by investigating the genera underlying differences among the enterotypes. 

A highly diverse microbiota is beneficial to the host. We have demonstrated that alpha diversity in our data was 
under significant influence of family strata and have identified families whose progeny had increasing microbiota 
diversity through week 15 and off-test. We used paternal half-sib families in this research, thus each family 
represented a breeding male pig that was mated to several female pigs to produce the offspring. The significant 
variation in alpha diversity we observed among the families in this study suggests bacterial biodiversity within the 
pig gut might be influenced by the host’s genetics. The diversity index used in this study, to the best of our 
knowledge, has never been reported in the current literature as a trait. In animal production, there are index traits 
that are computed based on actual measures on animals, such as feed conversion ratio (the ratio of the weight of feed 
consumed by an animal to its body weight gain over the same period of time) and residual feed intake (which is 
modeled from feed intake, weight gain, and fat thickness). In humans, body fat deposition has been associated with 
alpha diversity of the gut microbiota. Disease conditions have also been correlated with decreases in microbiome 
diversity. Despite numerous studies linking the gut microbiota’s composition and diversity to host health conditions, 
the current literature has no reports on genetic parameters of the diversity of the gut microbiome. 

This study is the first to describe OTU richness and alpha diversity as phenotypic traits in farm animals and the first 
to estimate their genetic parameters at three key stages of pig development. The heritability of 0.15 – 0.33 reported 
in this study means that 15 – 33% of the variation in alpha diversity measured in our pigs, at week 15 and off-test, 
was due to genetics. Examples of traits with similar heritability range include residual feed intake (h2 = 0.13) and 
belly weight (h2 = 0.28) [72]; tenderness (h2 = 0.26), meat color (h2 = 0.28), growth rate (h2 = 0.30), and feed 
conversion ratio (h2 = 0.29). These traits have been targeted for selection in pig breeding programs around the world 
due to their economic importance to the pork industry. Alpha diversity, reported to be associated with gut health, 
and found in this study to be strongly correlated with back fat thickness and average daily gain, which are the two 
important components of feed efficiency in livestock production, could very well be an indicator trait for genetic 
selection. Our results also suggest that diversity at weaning might not be an accurate predictor of diversity at later 
stages in life. If alpha diversity is to be used as an indicator trait, its availability soon after weaning will be beneficial 
to a selection process. Therefore, we suggest further investigation into alpha diversity at time points earlier than 
week 15. 

This study was conducted on a group of pigs living through three stages of life (weaning, week 15, and off-test) and 
was designed to explore longitudinal changes in fecal microbiome composition and diversity, as well as the 
influence of host genetics on microbiome diversity. Two enterotypes were identified at each stage of life, but only 
enterotypes at week 15 and off-test were proven to be associated with back fat thickness. Microbiome alpha diversity 
as measured using the Shannon index was found to be lowly to moderately heritable at week 15 and off-test. The 
diversity at these two time points was also found to have strong genetic correlation to each other. The diversity 
index at week 15 was also strongly correlated with back fat and average daily gain of the pigs. These findings may 
lead to a new direction of research in animal breeding and genetics and suggest potentially significant utility for gut 
microbiome data in the genetic evaluation process. To our knowledge this study is the first attempt to investigate the 
impact of microbiome on the meat quality and carcass composition traits in large scale of commercial swine. The 
contribution of microbiome to all traits is significant although it varied over time which increase from weaning to 
off_test for most of the traits. Adding microbiome information did not affect the estimates of genomic heritability of 
meat quality traits but change the estimate of carcass composition traits. Alpha diversity at week 15 was strongly 
correlated at carcass average daily gain and minolta a* color score. Varied range of microbial correlations 
suggested that multi trait approach could be used to improve selection in many traits. A better understanding of 
microbial composition helps in improvement of complex traits in swine. Based on the results we can conclude that 
microbial composition could be altered to improve a given trait. To obtain optimum microbial composition, 
manipulation of gut microbiota could be done using specific bacterial composition as probiotics or increasing the 
relative abundance through prebiotics, feed additives supplements and fecal microbiota transplantation could also 
be done. The estimated parameters provide a reference value for further research on gut microbial contribution to 
complex phenotypes in pigs. These results may lead to establish a newer approach of genetic evaluation process 
through the addition of gut microbial information. 

https://microbiomejournal.biomedcentral.com/articles/10.1186/s40168-017-0384-1#CR72
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Discussion Objectives 2-3 
 
The proportion of trait variance due to microbiome or microbiability (h2

m) is still very limited in the current 
literature for swine research, and not available for BF, WT, and LD reported in this paper. Nevertheless, the h2

m 
estimated for WT at week 15 and offtest in our analysis were much higher than h2

m = 0.28 of a related trait, average 
daily gain, reported by Camarinha-Silva et al.. However, it might be worth noting that average daily gain reported 
by Camarinha-Silva et al. was computed as the animals grew from 30kg to 105kg, but gut samples were collected at 
105kg live weight. Our current analysis suggested that the time gap between recording a phenotype and collecting 
fecal samples did influence the h2

m of the phenotype under consideration. The longer the elapsed time, the smaller 
the h2

m might become. 
The gut bacterial community is disrupted seriously in many pigs at weaning, thus environment plays a critical role in 
changes that happen to the gut microbiome composition, leading to low heritabilities estimated for the baterium 
genera. A commonly used criterion to evaluate one’s gut health is its gut microbiome diversity, which depends upon 
the number of genera/species as well as abundance counts within each genus/species, and has been reported by Lu et 
al. to be lowly heritable. As the animal ages, their microbiome composition becomes less dependent on the 
environment, as reported by Lu et al., and that might explain the changes in the genus heritabilities estimated at 
weaning, week 15, and offtest in our study.  However, heritability estimates in our study are lower than estimates 
reported by Estelle et al. [34] as well as Camarinha-Silva et al., and could possibly be attributed to the difference in 
sample sizes between our study and the other 2 reports. 
It is interesting to find out Bacteroides and Prevotella were mediumly heritable at week 15, which might be 
beneficial to the animals because these two groups of bacteria have been proven to be positively associated with the 
conversion of polysaccharides to short chain fatty acids [58], which in turn, were found to improve host energy 
balance, prevent fat deposition in adipose tissues, and promote leptin levels. Clostridium, another genus with 
medium heritability detected in week 15 in this study, has been reported to be associated with increased fatness in 
pigs and progression of obesity in mice. However, species of the Clostridium genus have been proven not 
significantly associated with visceral fat mass in human, to improve feed efficiency in poultry, and to show a 
tendency of decreasing both backfat and live weight at both week 15 and offtest in our analyses. 
An important group of beneficial bacteria in the gut intestinal tract of most mammalian species is Lactobacilli, of 
which L. reuteri has been proven to carry surface layer proteins that protect host epithelial cells and extracellular 
matrix components. Lactobacillus reuteri also competes against pathogens in the gut, improves immune function 
and antioxidant status, and thus alleviates weaning stress in piglets. Lactobacillus reuteri, together with L. 
amylovorus, carries probiotic properties that have been proven to promote growth and prophylaxis [71, 72, 73], 
improving feed efficiency in farm animals]. In the study reported herein, L. reuteri sampled at week 15 and offtest 
have shown to cause increase in both backfat and live weight. 
Another species, of which taxa had significant association with WT and LD, as well as accounted for large 
proportions of the traits’ variance, is Succinivibrio dextrinosolvens. Succinivibrio species have been studied in 
ruminants more than they have been in monogastric animals, and reportedly play an important role in producing 
acetate and succinate, which are essential for propionate synthesis as part of hepatic gluconeogenesis, and therefore 
important for improving feed efficiency. In swine, the genus Succinivibrio has been assigned as a member of core 
microbiome of the proximal colon, or cecum, and can metabolize various carbohydrate sources, resulting in 
fermentation products such as acetate and succinate, forming propionate in further decarboxylation process. 
After estimating heritability for the taxa of interest, it is essential to search the host genome for possible casual 
variants and genes that potentially contribute to inter-individual variation in OTU abundances. This study was 
designed to explore longitudinal contribution of host genetics to the metagenome in the host gut environment. There 
were 3 time points being considered, and a microbiome dataset with 1705 taxa, essentially requiring 5115 sets of 
analysis to fully test for association between variants in the SNP chip with variation in each taxon. Such number of 
analyses would require a long time to complete. Instead, we performed association analyses on only taxa that we 
have found significantly associated with backfat thickness, live weight, and loin depth in our pigs. 
The gut microbial community, which is similar to complex traits such as fertility and health related measures, is 
predominantly shaped by non-genetic factors, including environment and management, thus many taxa tend to be 
lowly heritable. Such characteristic might have contributed to the fact that the number of significant SNPs after 
being adjusted for multiple testing was small, and most of the SNP windows picked in the report herein had very 
small effect sizes. This is often seen in association studies of fertility and health related traits, such as fertility index 
in cattle, number of born piglets alive. The shortfall of similar association research in swine in the current literature 
makes it difficult for the findings in this study to be confirmed. Lessons from host genome – microbiome association 
research in human have shown that most of loci reported in different studies are not replicated, and genome-wide 
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association studies in various species suggest that host genome – microbiome studies will follow the same pattern 
that works for GWAS, hence require large cohorts for variants to be identified reliably.  
 
We have estimated proportions of host phenotypic variances due to microbiome, and due to host genetics.  Most of 
bacteria genera had low heritability estimates at weaning and offtest, and medium estimates at week 15. At the OTU 
level, heritabilities of 164 OTUs that significantly contributed to backfat, live weight, and loin depth were estimated, 
and most of them were in the low range while only a few in the medium range. There were 228 and 700 SNPs found 
significantly associated with 40 OTUs at week 15, and 6 OTUs from end of feeding trial, respectively. These SNPs 
located in chromosome regions that contained a total of 546 genes, some of which reportedly show pathways that 
protect epithelial cells in the host gut, transfer substances transmembranes, promote cell proliferation, 
differentiation, motility, and survival. The work presented in this paper is one of the first studies of this kind in farm 
animal research, and is meant to provide first hand information on host genome – microbiome relationship, which 
might serve the interest of future researchers in this field. 

Discussion Objective 4 
 
In general, our cross-validation highlighted good predictive power, however results varied considerably 
depending on the time points and traits considered. From our study it appears that sampling time might be a 
crucial factor in integrating microbiome information in predictive models for growth. Our data suggest that 
samples measured in the middle of the growth trial would provide the highest amount of information. 
Conversely early measures of microbiome composition might not be as informative. This is somewhat in 
contrast with recent studiesthat have found different enterotypes related to growth traits at earlier stages. In our 
experience, and as highlighted by Lu et al., clustering of individuals at early time points could be the results of 
piglet adjusting more or less rapidly to the change in diet that normally happens at weaning. We believe this 
should be investigated further. Within this paper we considered the study of each time point as separate and 
independent. This is a simplification that us allowed to build an easy cross-validation experiment to test 
different variables. Nonetheless, the use of longitudinal models in the future would provide a much more 
powerful way to investigate the importance of changes in microbiome composition, and how these changes 
impact growth efficiency in livestock. To this point, some of the deep learning models developed in the context 
of prediction of longitudinal data should allow for a much better understanding of the complex interplay 
between changes in microbiome composition and phenotype outcome. Nonetheless, a much larger number of 
individuals as well as deeper sampling would be needed to reach the necessary data granularity to make these 
approaches appealing. In our studies both growth traits and fatness traits achieved good predictive power. 
Furthermore, the current study was conducted within a single crossbred population. For the effective 
exploitation of microbiome variability in pigs a larger number of populations/breeds should be investigated, 
given the large variability in OTU composition in swine  
 
Within this work we have established a framework that could later be expanded to include not only microbiome 
information but also host genomic data, to better characterize and possibly manage the environment as well as 
to account for the complex relationships between host and guest variability. Microbiome composition can be 
effectively used as a predictor of growth and composition traits, particularly for fatness traits. Inclusion of OTU 
predictors could potentially be used to promote fast growth of individuals while limiting fat accumulation. Early 
microbiome measures might not be good predictors of growth and OTU information might be best collected at 
later life stages. It should be noted that within the current paper we have included microbial composition as a 
whole predictor, and we did not attempt to identify a significant OTU subset to reduce the space of the 
predictors. We believe that this approach would result in more robust and portable results especially for 
selection purposes. 
 
Published work from the funded grant.  
 
 



 62 

• Khanal, P., C. Maltecca, C. Schwab, J. Fix, F. Tiezzi. 2019. Effect of gut microbiota composition on carcass and 

meat quality traits in swine. Annual Meeting of the European Federation of Animal Science, Ghent, Belgium, 2019 

(Accepted). 

• Khanal, P., C. Maltecca, C. Schwab, J. Fix, F. Tiezzi. 2019. Contribution of host gut microbiome in prediction of 

meat quality and carcass composition traits in swine. ASAS-CSAS Annual Meeting, Austin, TX, 2019 (Accepted). 

• Khanal, P., C. Maltecca, C. Schwab, J. Fix, F. Tiezzi. 2019. Correlation of host gut microbiome and their 

relationship with meat quality and carcass composition traits of swine. ASAS-CSAS Annual Meeting, Austin, TX, 

2019 (Accepted). 

• Guduk, E., D. Lu, F. Tiezzi, C. Schillebeeckx, N. P. McNulty, C. Schwab, C. Shull and C. Maltecca. 2019. Evidence 

of host genomic control of gut microbiome composition in swine and its influence on growth and fatness. ASAS-

CSAS Annual Meeting, Austin, TX, 2019. 

• Khanal, P., F. Tiezzi, C. Maltecca. 2019. Impact of host microbiome on meat quality, growth and carcass traits. 

Plant and Animal Genome Meeting XXVII, San Diego, CA, 2019. Accessed at https://plan.core-

apps.com/pag_2019/abstract/ed0629e5-c23a-4f4c-ad0d-c26e13b0acff.  

• Lu, D., F. Tiezzi, C. Schillebeeckx, N. P. McNulty, C. Schwab, C. Shull and C. Maltecca. 2018. Host contributes to 

longitudinal diversity of fecal microbiota in swine selected for lean growth. Microbiome. 6:4. doi: 10.1186/s40168-

017-0384-1. 

• Maltecca, C., D. Lu, C. Schillebeeckx, N. P. McNulty, C. Schwab, C. Shull, F. Tiezzi. 2019. Predicting growth and 

carcass traits in swine using microbiome data and machine learning algorithms. Scientific Reports.9: 6754. (2019) 

9:6574. https://doi.org/10.1038/s41598-019-43031-x. 

• Lu, D., F. Tiezzi, C. Schillebeeckx, N. P. McNulty, C. Schwab and C. Maltecca. 2018. Microbiome contribute 

significantly to variation in fat and growth traits in crossbred pigs. World Congress on Genetics Applied to 

Livestock Production conference, Auckland, Newzealand. Accessed at 

http://www.wcgalp.org/proceedings/2018/contribution-microbiome-variation-fat-and-growth-traits-crossbred-pigs  

• Maltecca, C., D. Lu, F. Tiezzi, C. Schillebeeckx, N. P. McNulty, C. Schwab, C. Shull. 2018.  Metagenomic 

predictions of growth and carcass traits in pigs with the use of bayesian alphabet and machine learning methods. 

Auckalnd, Newzealand.  Accessed at: http://www.wcgalp.org/proceedings/2018/metagenomic-predictions-growth-

and-carcass-traits-pigs-use-bayesian-alphabet-and 

 
Literature   
 

1. Savage DC. Microbial Ecology of the Gastrointestinal Tract. Annual Review of Microbiology 1977; 
doi:10.1146/annurev.mi.31.100177.000543.  

2. Roediger WE. Role of anaerobic bacteria in the metabolic welfare of the colonic mucosa in man. Gut 1980; 
21: 793–798. 

3. Berg RD. The indigenous gastrointestinal microflora. Trends in Microbiology 1996; 4:430–435. 
4. Backhed F, Ley RE, Sonnenburg JL, Peterson DA, Gordon JI. Host–bacterial mutualism in the human 

intestine. Science 2005; 307:1915-1920. 
5. Lee YK, Mazmanian KS. 2010. Has the microbiota played a critical role in the evolution of the adaptive 

immune system? Science 2010; doi:10.1126/ science.1195568. 

https://plan.core-apps.com/pag_2019/abstract/ed0629e5-c23a-4f4c-ad0d-c26e13b0acff
https://plan.core-apps.com/pag_2019/abstract/ed0629e5-c23a-4f4c-ad0d-c26e13b0acff
https://dx.doi.org/10.1186%2Fs40168-017-0384-1
https://dx.doi.org/10.1186%2Fs40168-017-0384-1


 63 

6. Brestoff JR, Artis D. Commensal bacteria at the interface of host metabolism and the immune system. Nat. 
Immunol. 2013; doi:10.1038/ni.2640. 

7. Backhed F, Ding H, Wang T, Hooper LV, Koh GY, Nagy A, et al. The gut microbiota as an environmental 
factor that regulates fat storage. Proceedings of the National Academy of Sciences of the United States of America. 
2004;101(44):15718–23. pmid:15505215 

8. Turnbaugh PJ, Ley RE, Mahowald MA, Magrini V, Mardis ER, Gordon JI. An obesity-associated gut 
microbiome with increased capacity for energy harvest. Nature. 2006;444(7122):1027–31. pmid:17183312. 

9. Kassinen A, Krogius-Kurikka L, Makivuokko H, Rinttila T, Paulin L, Corander J, et al. The fecal 
microbiota of irritable bowel syndrome patients differs significantly from that of healthy subjects. Gastroenterology. 
2007;133(1):24–33. pmid:17631127. 

10. Barman M, Unold D, Shifley K, Amir E, Hung K, Bos N, et al. Enteric salmonellosis disrupts the 
microbial ecology of the murine gastrointestinal tract. Infection and immunity. 2008;76(3):907–15. pmid:18160481. 

11. Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, Duncan A, Ley RE, et al. A core gut microbiome 
in obese and lean twins. Nature. 2009;457(7228):480–4.  

12. Collins SM, Denou E, Verdu EF, Bercik P. The putative role of the intestinal microbiota in the irritable 
bowel syndrome. Dig Liver Dis. 2009;41(12):850–3. pmid:19740713. 

13. Kim BH, Borewicz K, White AB, Singer SR, Sreevatsan S, Tu JZ, Isaacson ER. 2012. 
Microbialshiftsintheswinedistalgutinresponsetothe treatment with antimicrobial growth promoter, tylosin. PNAS 
109(38):15485-15490. 

14. Hermann-Bank LM, Skovgaard K, Stockmarr A, Strube ML,  Larsen N, Kongsted H, Ingerslev H-
C,  Mølbak L, Boye M. Characterization of the bacterial gut microbiota of piglets suffering from new neonatal porcine 
diarrhoea. BMC Veterinary Research 2015; doi: 10.1186/s12917-015-0419-4. 

15. Celi P, Cowieson AJ, Fru-Nji F, Steinert RE, Kluenter A-M, Verlhac V. Gastrointestinal functionality in 
animal nutrition and health: new opportunities for sustainable animal production. Anim Feed Sci Technol 
2017;234:88e100. 

16. Duncan SH, Belenguer A, Holtrop G, Johnstone AM, Flint HJ, Lobley GE. Reduced dietary intake of 
carbohydrates by obese subjects results in decreased concentrations of butyrate and butyrate-producing bacteria in 
feces. Applied and environmental microbiology. 2007;73(4):1073–8. pmid:17189447; PubMed Central PMCID: 
PMC1828662. 

17. De Filippo C, Cavalieri D, Di Paola M, Ramazzotti M, Poullet JB, Massart S, et al. Impact of diet in 
shaping gut microbiota revealed by a comparative study in children from Europe and rural Africa. Proceedings of the 
National Academy of Sciences of the United States of America. 2010;107(33):14691–6. pmid:20679230; PubMed 
Central PMCID: PMC2930426. 

18. Hehemann JH, Correc G, Barbeyron T, Helbert W, Czjzek M, Michel G. Transfer of carbohydrate-active 
enzymes from marine bacteria to Japanese gut microbiota. Nature. 2010;464(7290):908–12. pmid:20376150. 

19. Davenport ER, Mizrahi-Man O, Michelini K, Barreiro LB, Ober C, Gilad Y. Seasonal variation in human 
gut microbiome composition. PloS one. 2014;9(3):e90731. pmid:24618913; PubMed Central PMCID: PMC3949691. 

20. Metzler-Zebeli BU, Schmitz-Esser S, Mann E, Grüll D, Molnar T, Zebeli Q. 2015. Adaptation of the 
cecal bacterial microbiome of growing pigs in response to resistant starch type 4. Appl Environ Microbiol 81:8489–
8499. 

21. Niu Q, Li P, Hao S, Zhang Y, Kim S, Li H, Ma X, Gao S, He L, Wu W, Huang X, Hua J, Zhou B, Huang 
R. Dynamic Distribution of the Gut Microbiota and the Relationship with Apparent Crude Fiber Digestibility and 
Growth Stages in Pigs. Sci. Rep. 2015; doi:10.1038/srep09938. 

22. Pluske RJ, Hampson JD, Williams HI. 1997. Factors influencing the structure and function of the small 
intestine in the weaned pig: a review. Livestock Production Science 51:215-236. DOI:  

23. Jayaraman B, Nyachoti MC. 2017. Husbandry practices and gut health outcomes in weaned piglets: 
A review. Animal Nutrition 3(3):205-211. DOI: j.aninu.2017.06.002. 

24. Moeser JA, Pohl SC, Rajput M. 2017. Weaning stress and gastrointestinal barrier development: 
Implications for lifelong gut health in pigs. Animal Nutrition 3(4):313-321. DOI: j.aninu.2017.06.003. 

25. Bian G, Ma S, Zhu Z, Su Y, Zoetendal GE, Mackie R, Liu J, Mu C, Huang R, Smidt H, Zhu W. 2016. 
Age, introduction of solid feed and weaning are more important determinants of gut bacterial succession in piglets 
than breed and nursing mother as revealed by a reciprocal cross-fostering model. Environmental Microbiology 18(5), 
1566–1577. DOI:10.1111/1462-2920.13272. 

26. Zoetendal EG, Akkermans ADL, Akkermans-van Vliet WM, de Visser JAGM, de Vos WM. The Host 
Genotype Affects the Bacterial Community in the Human Gastrointestinal Tract. Microbial Ecology in Health and 
Disease. 2001;13(3):1651–2235. 

https://www.sciencedirect.com/science/article/pii/S0301622697000572?via%3Dihub#!
https://www.sciencedirect.com/science/article/pii/S0301622697000572?via%3Dihub#!
https://www.sciencedirect.com/science/article/pii/S0301622697000572?via%3Dihub#!
https://www.sciencedirect.com/science/journal/03016226
https://www.sciencedirect.com/science/article/pii/S2405654516302529?via%3Dihub#!
https://www.sciencedirect.com/science/article/pii/S2405654516302529?via%3Dihub#!
https://doi.org/10.1016/j.aninu.2017.06.002
https://www.sciencedirect.com/science/article/pii/S2405654516302402?via%3Dihub#!
https://www.sciencedirect.com/science/article/pii/S2405654516302402?via%3Dihub#!
https://www.sciencedirect.com/science/article/pii/S2405654516302402?via%3Dihub#!
https://doi.org/10.1016/j.aninu.2017.06.003


 64 

27. Goodrich JK, Waters JL, Poole AC, Sutter JL, Koren O, Blekhman R, et al. Human genetics shape the 
gut microbiome. Cell. 2014;159(4):789–99. 

28. Polderman TJC, Benyamin B, de Leeuw CA, Sullivan PF, van Bochoven A, Visscher PM, Posthuma D: 
Meta-analysis of the heritability of human traits based on fifty years of twin studies. Nat Genet 2015, 47:702–709. 

29. Davenport ER, Cusanovich DA, Michelini K, Barreiro LB, Ober C, Gilad Y (2015) Genome-Wide 
Association Studies of the Human Gut Microbiota. PLoS ONE 10(11): e0140301.  

30. Goodrich JK, Davenport ER, Clark AG, Ley RE: The Relationship Between the Human Genome and 
Microbiome Comes into View. Annu Rev Genet 2017, 51:413–433. 

31. Daphna Rothschild, Omer Weissbrod, Elad Barkan, Alexander Kurilshikov, Tal Korem, David Zeevi, 
Paul I. Costea, Anastasia Godneva, Iris N. Kalka, Noam Bar, Smadar Shilo, Dar Lador, Arnau Vich Vila, Niv Zmora, 
Meirav Pevsner-Fischer, David Israeli, Noa Kosower, Gal Malka, Bat Chen Wolf, Tali Avnit-Sagi, Maya Lotan-
Pompan, Adina Weinberger, Zamir Halpern, Shai Carmi, Jingyuan Fu, Cisca Wijmenga, Alexandra Zhernakova, Eran 
Elinav, Eran Segal. 2018. Environment dominates over host genetics in shaping human gut microbiota. Nature 
555:210–215. doi:10.1038/nature25973. 

32. Camarinha-Silva A, Maushammer M, Wellmann R, Vital M, Preuss S, Bennewitz J. 2017. Host Genome 
Influence on Gut Microbial Composition and Microbial Prediction of Complex Traits in Pigs. Genetics 206:1637-
1644. 

33. Yang Hui, Huang Xiaochang, Fang Shaoming, He Maozhang, Zhao Yuanzhang, Wu Zhenfang, Yang 
Ming, Zhang Zhiyan, Chen Congying, Huang Lusheng. 2017. Unraveling the Fecal Microbiota and Metagenomic 
Functional Capacity Associated with Feed Efficiency in Pigs. Frontiers in Microbiology 8:1555. 

34. Estellé J, Mach N, Ramayo-Caldas Y, Levenez F, Lemonnier G, Denis C,  Doré J, Larzul C, Lepage P, 
Rogel-Gaillard C, the SUS_FLORA consortium. 2018. The influence of host’s genetics on the gut microbiota 
composition in pigs and its links with immunity traits. Proceedings, 10th World Congress of Genetics Applied to 
Livestock Production. Auckland, New Zealand, Feb10-16. 

35. Lu D, Tiezzi F, Schillebeeckx C, McNulty PN., Schwab C, Shull C, Maltecca C. 2018. Host contributes 
to longitudinal diversity of fecal microbiota in swine selected for lean growth. Microbiome 6: 4. 

36. Aigner B, Renner S, Kessler B, Klymiuk N, Kurome M, Wünsch A, Wolf E. Transgenic pigs as models 
for translational biomedical research. J Mol Med. 2010;88:653–64. 

37. Meurens F, Summerfield A, Nauwynck H, Saif L, Gerdts V. The pig: a model for human infectious 
diseases. Trends Microbiol. 2012; https://doi.org/10. 1016/j.tim.2011.11.002. 

38. Heinritz, S. N., R. Mosenthin, and E. Weiss, 2013 Use of pigs as a potential model for research into 
dietary modulation of the human gut microbiota. Nutr. Res. Rev. 26: 191–209. 

39. Sargolzaei M, Chesnais PJ, Schenkel SF. 2014. A new approach for efficient genotype imputation using 
information from relatives. BMC Genomics 15:478. 

40. Faith JJ,  Guruge JL,  Charbonneau M,  Subramanian S,  Seedorf H,  Goodman LA, Clemente CJ, Knight 
R, Heath CA, Leibel LR, Rosenbaum M, Gordon IJ. The long-term stability of the human gut microbiota. 
Science  2013; doi: 10.1126/science.1237439 

41. Magoc T, Salzberg S. FLASH: Fast length adjustment of short reads to improve genome 
assemblies. Bioinformatics 2011; doi:10.1093/bioinformatics/btr507. 

42. Schmieder R, Edwards R. Quality control and preprocessing of metagenomic 
datasets. Bioinformatics 2011; doi: 10.1093/bioinformatics/btr026. 

43. Caporaso JG, Kuczynski J, Stombaugh J, et al. QIIME allows analysis of high-throughput community 
sequencing data. Nature methods. 2010; doi:10.1038/nmeth.f.303. 

44. The Greengenes Database Consortium. http://greengenes.secondgenome.com/downloads/database/13_5. 
Accessed 16 August 2017. 

45. Schloss PD, Handelsman J. Toward a Census of Bacteria in Soil. Relman D, ed. PLoS Computational 
Biology 2006; doi:10.1371/journal.pcbi.0020092. 

46. Ley ER, Turnbaugh JP, Klein S, Gordon IJ. Microbial ecology: Human gut microbes associated with 
obesity. Nature 2006; doi:10.1038/4441022a 

47. Edgar RC. Search and clustering orders of magnitude faster than BLAST. Bioinformatics 2010; 
doi:10.1093/bioinformatics/btq461 

48. Ridaura V.K., Faith J.J., Rey F.E., Cheng J., Duncan A.E., Kau A.L., Griffin N.W., Lombard V., 
Henrissat B., Bain J.R., Muehlbauer M.J., Ilkayeva O., Semenkovich C.F., Funai K., Hayashi D.K., Lyle B.J., Martini 
M.C., Ursell L.K., Clemente J.C., Van Treuren W., Walters W.A., Knight R., Newgard C.B., Heath A.C., Gordon J.I. 
2013. Gut microbiota from twins discordant for obesity modulate metabolism in mice. Science 341 (6150):1241214. 
DOI: 10.1126/science.1241214. 

https://doi.org/10.%201016/j.tim.2011.11.002


 65 

49. VanRaden PM. 2008. Efficient methods to compute genomic predictions. J Dairy Sci 91(11)4414-23. 
doi: 10.3168/jds.2007-0980. 

50. Endres DM. A new metric for probability distributions. Information Theory, IEEE Transactions 2003; 
49:1858–1860. 

51. Gilmour AR, Gogel BJ, Cullis BR, Welham SJ, Thompson R. ASReml User Guide Release 4.1 Structural 
Specification, VSN International Ltd, Hemel Hempstead, HP1 1ES, UK; 2015 

52. Pérez P, de los Campos G. Genome-Wide Regression & Prediction with the BGLR Statistical Package. 
Genetics 2014. 

53. Difford, G. F., J. Lassen, and P. Løvendahl, 2016 Genes and microbes, the next step in dairy cattle 
breeding. In Proceedings, EAAP—67th Annual Meeting, Belfast. 

54. Canibe N, Højberg O, Højsgaard S, Jensen BB. Feed physical form and formic acid addition to the feed 
affect the gastrointestinal ecology and growth performance of growing pigs. J Anim Sci. 2005;83:1287–302.  

55. Lozupone AC, Stombaugh IJ, Gordon IJ, Jansson KJ, Knight R. Diversity, stability and resilience of the 
human gut microbiota. Nature. 2012; https:// doi.org/10.1038/nature11550. 

56. Heiman LM, Greenway LF. A healthy gastrointestinal microbiome is dependent on dietary diversity. Mol 
Metab. 2016; https://doi.org/10.1016/j. molmet.2016.02.005. 

57. Mosca A, Leclerc M and Hugot JP (2016) Gut Microbiota Diversity and Human Diseases: Should We 
Reintroduce Key Predators in Our Ecosystem? Front. Microbiol. 7:455. doi: 10.3389/fmicb.2016.00455 

58. Ivarsson, E., Roos, S., Liu, H. Y. & Lindberg, J. E. 2014. Fermentable non-starch polysaccharides 
increases the abundance of BacteroidesPrevotella-Porphyromonas in ileal microbial community of growing pigs. 
Animal 8:1777–1787. 

59. Yang H, Huang X, Fang S, Xin W, Huang L, Chen C. 2016. Uncovering the composition of microbial 
community structure and metagenomics among three gut locations in pigs with distinct fatness. Scientific Reports, 
6:27427. DOI: 10.1038/srep27427. 

60. Hildebrandt MA, Hoffmann C, Sherrill-Mix SA, Keilbaugh SA, Hamady M, Chen YY, Knight R, Ahima 
RS, Bushman F, Wu GD. 2009. High-fat diet determines the composition of the murine gut microbiome independently 
of obesity. Gastroenterology 137(5):1716-24. doi: 10.1053/j.gastro.2009.08.042. 

61. Ding S, Chi MM, Scull BP, Rigby R, Schwerbrock N.M.J., Magness S, Jobin C, Lund P.K. 2010. High-
fat diet: bacteria interactions promote intestinal inflammation which precedes and correlates with obesity and insulin 
resistance in mouse. PLoS One 5(8):e12191. 

62. Le Roy C.I., Beaumont M., Jackson M.A., Steves C.J., Spector T.D., Bell J.T. 2017. Heritable 
components of the human fecal microbiome are associated with visceral fat.  Gut Microbes, DOI: 
10.1080/19490976.2017.1356556. 

63. Mignon-Grasteau S, Narcy A, Rideau N, Chantry-Darmon C, Boscher M-Y, Sellier N, Chabault M, 
Konsak-Ilievski B, Bihan-Duval E, Gabriel I. 2015. Impact of Selection for Digestive Efficiency on Microbiota 
Composition in the Chicken. PLoS ONE 10(8): e0135488. 

64. Li XJ, Yue LY, Guan XF, Qiao SY. 2008. The adhesion of putative probiotic lactobacilli to cultured 
epithelial cells and porcine intestinal mucus. J Appl Microbiol. 104:1082–91. 

65. Yu H, Wang A, Li X, Qiao S. 2008. Effect of viable Lactobacillus fermentum on the growth performance, 
nutrient digestibility and immunity of weaned pigs. J Anim Feed Sci. 17:61–9. 

66. Wang A, Yu H, Gao X, Li X, Qiao S. 2009. Influence of Lactobacillus fermentum I5007 on the intestinal 
and systemic immune responses of healthy and E. coli challenged piglets. Antonie Van Leeuwenhoek. 96:89–98. 

67. Wang AN, Yi XW, Yu HF, Dong B, Qiao SY. 2009. Free radical scavenging activity of Lactobacillus 
fermentum in vitro and its antioxidative effect on growing-finishing pigs. J Appl Microbiol. 107:1140–8. 

68. Wang X, Yang F, Liu C, Zhou H, Wu G, Qiao S, et al. 2012. Dietary supplementation with the probiotic 
Lactobacillus fermentum I5007 and the antibiotic aureomycin differentially affects the small intestinal proteomes of 
weanling piglets. J Nutr. 142:7–13. 

69. Wang AN, Cai CJ, Zeng XF, Zhang FR, Zhang GL, Thacker PA, et al. 2013. Dietary supplementation 
with Lactobacillus fermentum I5007 improves the anti-oxidative activity of weanling piglets challenged with diquat. 
J Appl Microbiol. 114:1582–91. 

70. Liu H, Zhang J, Zhang S, Yang F, Thacker PA, Zhang G, et al. 2014. Oral administration of Lactobacillus 
fermentum I5007 favors intestinal development and alters the intestinal microbiota in formula-fed piglets. J Agric 
Food Chem. 62:860–6. 

71. Guarner F, Schaafsma GJ. 1998. Probiotics. Int J Food Microbiol. 39:237–8. 
72. Kant R, Paulin L, Alatalo E, de Vos WM, Palva A. Genome Sequence of Lactobacillus amylovorus 

GRL1118, Isolated from Pig Ileum. 2011. Journal of Bacteriology;193(12):3147-3148. doi:10.1128/JB.00423-11. 



 66 

73. Thacker PA. 2013. Alternatives to antibiotics as growth promoters for use in swine production: a review. 
J Anim Sci Biotechnol.4:35. 

74. Gaggia F, Mattarelli P, Biavati B. 2010. Probiotics and prebiotics in animal feeding for safe food 
production. Int J Food Microbiol.141 Suppl 1:S15–28. 

75. Yan W, Sun C, Yuan J, Yang N. 2017. Gut metagenomic analysis reveals prominent roles of Lactobacillus 
and cecal microbiota in chicken feed efficiency. Scientific Reports 7:45308. doi:10.1038/srep45308. 

76. Russell JB, Hespell RB. 1981. Microbial rumen fermentation. J. Dairy Sci. 64:1153–1169. 
77. Hernandez-Sanabria E., Goonewardene A.L. , Wang Z., Durunna N.O. , Moore S.S, and Guan L.L. 2012. 

Impact of Feed Efficiency and Diet on Adaptive Variations in the Bacterial Community in the Rumen Fluid of Cattle. 
Appl Environ Microbiol. 2012 Feb; 78(4): 1203–1214. doi:  10.1128/AEM.05114-11. 

78. Li RW, Wu S, Li W, Navarro K, Couch RD, et al. (2012) Alterations in the porcine colon microbiota 
induced by the gastrointestinal nematode Trichuris suis. Infect Immun 80: 2150–2157. 

79. Buzoianu SG, Walsh MC, Rea MC, O'Sullivan O, Cotter PD, et al. (2012) High-throughput sequence-
based analysis of the intestinal microbiota of weanling pigs fed genetically modified MON810 maize expressing 
Bacillus thuringiensis Cry1Ab (Bt maize) for 31 days. Appl Environ Microbiol 78: 4217–4224. 

80. Hippe H, Hagelstein A, Kramer I, Swiderski J, Stackebrandt E (1999) Phylogenetic analysis of 
Formivibrio citricus, Propionivibrio dicarboxylicus, Anaerobiospirillum thomasii, Succinimonas amylolytica and 
Succinivibrio dextrinosolvens and proposal of Succinivibrionaceae fam. nov. Int J Syst Bacteriol 49 Pt 2: 779–782. 

81. Hosseini E, Grootaert C, Verstraete W, Van de Wiele T (2011) Propionate as a health-promoting 
microbial metabolite in the human gut. Nutr Rev 69: 245–258. 

82. Minozzi G, Nicolazzi EL, Stella A, Biffani S, Negrini R, Lazzari B, Ajmone-Marsan P, Williams JL. 
2013. Genome Wide Analysis of Fertility and Production Traits in Italian Holstein Cattle. PLoS ONE 8(11): e80219. 
https://doi.org/10.1371/journal.pone.0080219. 

83. Onteru SK, Fan B, Du ZQ, Garrick DJ, Stalder KJ, Rothschild MF. 2012. A whole-genome association 
study for pig reproductive traits. Anim Genet. 43(1):18-26. doi: 10.1111/j.1365-2052.2011.02213.x. 

84. Visscher PM, Brown MA, McCarthy MI, Yang J. 2012. Five years of GWAS discovery. Am J Hum 
Genet. 90(1):7-24. doi: 10.1016/j.ajhg.2011.11.029. 
85. Weissbrod O, Rothschild D, Barkan E, Segal E. 2018. Host genetics and microbiome associations from the lens 
of genome wide association studies. PeerJ Preprints 6:e26615v1. https://doi.org/10.7287/peerj.preprints.26615v1. 

https://doi.org/10.1371/journal.pone.0080219
https://doi.org/10.7287/peerj.preprints.26615v1

	Proportions of total phenotypic variance attributable to genotypes and microbiome
	Association between OTUs and performance records
	Estimated heritability of significant OTUs
	SNP contribution to variation in OTUs
	Microbiome composition over time
	Cross-validation highlights a significant effect of microbiome for growth and carcass prediction
	Model choice partially influences prediction accuracy, with results depending on the time-trait combination
	Post-analysis of the results

	Table 2. ANOVA table of the post-analysis of the experimental design. Timepoint = 3 levels (Weaning, 15 weeks, 22 weeks), Algorithm = 4 levels (Bayesian Lasso, Reproducing Kernel Hilbert Space, Random Forest, Gradient Boosting) Trait = 12 levels (“ADG...

