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Introduction 

Recent studies have suggested that the gut microbiota could contribute to growth and meat 

production in pigs (Camarinha-Silva et al., 2017; Aliakbari et al., 2022). Thus, incorporating the 

gut microbiota into breeding programs could result in more efficient genetic improvement of 

production traits in pigs. The proportion of host phenotypic variance explained by the gut 

microbiota is referred to as “microbiability” (Difford et al., 2016), a concept similar to heritability. 

Microbiability has been estimated for various traits in pig populations (Camarinha-Silva et al., 

2017; Aliakbari et al., 2022). Microbiability estimates for these traits can exceed 0.20 in pigs, 

indicating a substantial influence of the gut microbiota on host phenotypes. These results suggest 

that gut microbial information may be used as a novel selection indicator to enhance the efficiency 

of pig production. 

To apply gut microbial information to pig breeding, it is necessary to determine which gut 

microbial information is important. For instance, microbiability is estimated based on the relative 

abundances of sequence-based features such as amplicon sequence variants (ASVs) (Ramayo-

Caldas et al., 2021). However, it may be more effective to use taxonomic information based on 

the 16S variable region. In addition, given that the functional profiles of microbial communities 

directly impact host phenotypes, classification by microbial function may also influence 

microbiability estimation. Recent studies have shown that the abundance of the microbiota is 

significantly dictated by the host genetics and host genome shapes microbiome composition 

(Huang and Chen, 2023). Therefore, parts of the microbiota are heritable, and the heritable 

microbiota could contribute more to growth performance in pigs. 

The objective of this study was to investigate the impacts of the gut microbiota with different 

classifications and heritabilities on the microbiability estimation of production traits in Duroc 

pigs. First, we determined the most effective microbial classification by estimating heritability 

and microbiability of production traits. Second, we estimated the heritability of the ASVs. Third, 

we investigated whether the heritable ASVs may have an impact on microbiability estimation. 

 

Materials & Methods 

Population and data. Phenotypic data for Duroc purebred pigs were recorded at Kamishihoro 

Pig Breeding Research Section, Central Research Institute for Feed & Livestock of ZEN-NOH 

(Kamishihoro, Hokkaido, Japan) from 2019 to 2023. All pigs of the same age were fed the same 

diet during the performance testing period throughout the year. For production traits, the average 

daily gains (DG) from 30 to 100 kg body weight (BW), backfat thickness (BF), loin eye muscle 

area (LEA), intramuscular fat percentages (IMF), body length (BL), circumference of the cannon 

bone (CC), and body height at withers (BH) were measured at the end of the testing period (around 

105 kg BW). Fecal samples from 1,039 Duroc purebred pigs with both phenotypic and pedigree 

data were collected through rectal swabs from individual pigs at the end of the testing period. 
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16S rRNA gene analysis. Genomic DNA from fecal samples was extracted using the AllPrep 

PowerViral DNA/RNA Kit (QIAGEN, Tokyo, Japan), following the manufacturer’s instructions. 

Bacterial 16S rRNA V3–V4 region libraries were generated using the Illumina 16S metagenomics 

sequencing library preparation protocols, and sequencing was conducted on the Illumina MiSeq 

platform (San Diego, CA, USA) using the 2×300 bp paired-end method. Raw sequences were 

quality-filtered and then used for taxonomic classification and microbial functional prediction 

using the QIIME2 v.2023.2 platform (Bolyen et al., 2019). After quality control step, 2,716 ASVs 

for 1,027 samples were contained within the final abundance table. The relative abundances of 

the ASVs were subsequently calculated by dividing the counts of each ASV by the total counts 

for a given sample. The ASVs were annotated at five taxonomic levels (from phylum to genus) 

using the Silva 138 database of full-length 16S rRNA sequences (Yilmaz et al., 2014). The final 

genus-level (GE) dataset included 218 unique bacterial genera. In addition, functional profiles of 

microbial communities were predicted from the ASV abundance data using the PICRUSt2 plugin 

(Douglas et al., 2020). Three gene family databases were utilized: Enzyme Commission numbers 

(EC), Kyoto Encyclopedia of Genes and Genomes orthologs (KO), and MetaCyc pathways (MC). 

The final function-level dataset included 1,817 EC, 5,820 KO, and 361 MC levels. 

 

Statistical analysis. Phenotypic values exceeding the mean ± 3 SD were deleted. A total of 961 

pigs with 2,715 ASVs were then extracted and were used for the subsequent analyses. To evaluate 

the impact of the gut microbiome on phenotypic variance of production traits, three genetic 

analyses were performed by ASReml 4.1 software (Gilmour et al., 2015) as follows. 

(1) The effective microbial classification was evaluated by estimating heritability and 

microbiability in production traits under five different microbial classifications (i.e., ASV, GE, 

EC, KO, and MC). The heritability and microbiability for production traits were estimated based 

on a single-trait animal model restricted maximum likelihood (REML) method including 

microbial effects as follows: 

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝐖𝐜 + 𝐦 + 𝐞  (M1) 

where y is the vector of observations of production traits; X, Z, and W are design matrices. b is 

the vector of fixed effects due to the overall mean, sex, testing year, testing month, and covariates 

for BW at the end of the test period (linear); u, c, and e are vectors of random effects due to 

breeding values, pen effects, and error effects, respectively. In total, 1,366 animals, traced back 

to 5 generations, were used as pedigree information. m is the vector of random effects due to 

microbial effects based on the microbial relationship matrix (Ross et al., 2013; Camarinha-Silva 

et al., 2017). 

(2) The heritability for the relative abundance of ASVs with high prevalence was estimated. A 

total of 368 ASVs were classified to have high prevalence (≥0.20) (ASV_H), while the remaining 

2,347 ASVs were designated to have low prevalence (<0.20) (ASV_L). A single-trait animal 

model REML method (the M1 model), excluding microbial effects (m) was used for heritability 

estimation, and the vector y in the model is the relative abundance of ASV_H. ASV_H with 

estimated heritability significantly greater than zero (ℎ2 se(ℎ2)⁄ > 2 means P-value < 0.05) were 

defined as heritable ASVs (ASV_H1), while the remaining ASV_H were defined as non-heritable 

ASVs (ASV_H0) (Gilmour et al., 2015). 

(3) Heritability and microbiability were estimated for production traits using models including 

ASVs with differences in prevalence and heritable classifications as follows: 

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝐖𝐜 + 𝐦L + 𝐦H + 𝐞 , (M2) 

𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝐖𝐜 + 𝐦L + 𝐦H1 + 𝐦H0 + 𝐞 .  (M3) 

where 𝐦L , 𝐦H , 𝐦H1 , and 𝐦H0  are vectors of ASV_L, ASV_H, ASV_H1, and ASV_H0 

effects, respectively. 
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Results & Discussion 

(1) Microbiability was estimated using model M1, replacing the microbial effects (m) as ASV, 

GE, EC, KO, and MC effects. The microbiability estimates explained by ASVs were the highest 

among all classifications for all traits (Fig. 1). The microbiability estimates of DG and BF (0.21 

and 0.15, respectively) were higher than those of other traits (ranging from 0.00 to 0.06). The 

ASV classification was the most effective in explaining phenotypic variance and was utilized in 

subsequent analyses. 

(2) To evaluate the influence of host genetics on the gut microbiota in pigs, the heritability of 

ASV_H was estimated. In total, 154 of 368 ASV_H (i.e., ASV_H1) were significantly heritable, 

and the remaining 214 ASV_H (i.e., ASV_H0) were non-heritable in this population. 

Furthermore, 57 of 154 ASVs exhibited heritability estimates that exceeded 0.20. 

(3) The heritability and microbiability estimates using three different models (M1, M2, and M3) 

are shown in Fig. 2. The heritability estimates were higher than the microbiability estimates for 

all traits. The microbiability estimates for DG and BF (0.21 and 0.15, respectively) were higher 

than those for other traits (ranging from 0.00 to 0.06) using model M1. For DG, a difference in 

microbiability estimates between ASV effects with high and low prevalence (0.10 and 0.09, 

respectively) was not observed using model M2. In model M3, where ASV effects with high 

prevalence were distinguished between significantly heritable and non-heritable, the 

microbiability estimate using heritable ASVs (0.08) was higher than that using non-heritable 

ASVs (0.02). For BF, ASV effects with low prevalence were not detected in models M2 and M3. 

In model M3, the microbiability estimate using non-heritable ASVs (0.09) was higher than that 

using heritable ASVs (0.03). The results obtained differed from those for DG. 

 

 
Figure 1. Heritability and microbiability estimates using five microbial classifications for 

production traits in Duroc pigs. Microbiability was estimated by the M1 model, as explained in the main 

text, using amplicon sequence variants (ASVs), genus-level taxon classifications (GE), Enzyme 

Commission numbers (EC), Kyoto Encyclopedia of Genes and Genomes orthologs (KO), and MetaCyc 

pathways (MC). 
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Figure 2. Proportions of phenotypic variance explained by breeding values and microbial effects 

for production traits in Duroc pigs. The microbial variances were estimated using models that included 

amplicon sequence variant (ASV) effect (M1), ASV effects with different prevalences in the population 

(M2), and ASV effects with different prevalences and heritability estimates (M3). The details of models 

M1, M2, and M3 are explained in the main text. Proportion of genetic variation (h2), all ASVs (m2), ASVs 

with low prevalence (𝑚𝐿
2), ASVs with high prevalence (𝑚𝐻

2 ), ASVs which were high prevalence and 

heritable (𝑚𝐻1
2 ), and ASVs which were high prevalence and non-heritable (𝑚𝐻0

2 ) variances in phenotypic 

variance are shown for each model and trait. 

 

Conclusions 

This study investigated the impacts of gut microbiotas with different classifications and 

heritabilities on the microbiability estimation of production traits in Duroc pigs. Our results 

showed that the gut microbiota significantly influences DG and BF. The microbiability estimation 

indicated that the heritable ASVs affect DG, while non-heritable ASVs affect BF, demonstrating 

that the characteristics of the influencing microbiome differ depending on the traits. Thus, our 

results indicate the importance of improving host phenotypes by incorporating microbial 

information, in addition to host genetics. 
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