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SUMMARY 

Feed and nutrient efficiency will become increasingly important in poultry production in the 

coming years. In addition to feed efficiency, particular attention is paid to phosphorus (P) in 

nonruminants. Especially growing animals have a high demand of P but through the low 

usability of plant-based P sources for nonruminants, mineral P is added to their feeds. Due to 

worldwide limited mineral P sources, the high environmental impact of P in excretions and high 

supplementation costs, a better utilization of P from feed components is required. Animals’ P 

utilization (PU) is known to be influenced by the host genetics and by gastrointestinal 

microbiota. The overall aim of this thesis was to investigate the relationships between host 

genetics, gastrointestinal microbiota composition and quantitative traits with the focus on PU 

and related traits in F2 cross Japanese quail (Coturnix japonica). Japanese quail represent a 

model species for agriculturally important poultry species.  

In Chapter one, a genetic linkage map for 4k genome-wide distributed SNPs in the study 

design was constructed and quantitative trait loci (QTL) linkage mapping for performance as 

well as bone ash traits using a multi-marker regression approach was conducted. Several 

genome-wide significant QTL were mapped, and subsequent single marker association 

analyses were performed to find trait associated marker within the significant QTL regions. The 

analyses revealed a polygenic nature of the traits with few significant QTL and many 

undetectable QTL. Some overlapping QTL regions for different traits were found, which agreed 

with the genetic correlations between the traits. Potential candidate genes within the 

discovered QTL regions were identified and discussed. 

Chapter two provided a new perspective on utilization and efficiency traits by incorporating 

gastrointestinal microbiota and investigated the links between host genetics, gastrointestinal 

microbiota and quantitative traits. We demonstrated the host genetic influences on parts of the 

microbial colonization localized in the ileum by estimating heritabilities and mapping QTL 

regions. From 59 bacterial genera, 24 showed a significant heritability and six genome-wide 

significant QTL were found. Structural equation models (SEM) were applied to determine 

causal relationships between the heritable part of the microbiota and efficiency traits. 

Furthermore, accuracies of different microbial and genomic trait predictions were compared 

and a hologenomic selection approach was investigated based on the host genome and the 

heritable part of the ileum microbiota composition. This chapter confirmed the indirect influence 

of host genetics via the microbiota composition on the quantitative traits. 

Chapter three further extended the approaches to identify causalities from chapter two. 

Bayesian learning algorithms were used to discover causal networks. In this approach, 
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microbial diversity was considered as an additional quantitative trait and analyzed jointly with 

the efficiency traits in order to model and identify their directional relationships. The detected 

directional relationships were confirmed using SEM and extended to SEM association 

analyses to separate total SNP effects on a trait into direct or indirect SNP effects mediated by 

upstream traits. This chapter showed that up to one half of the total SNP effects on a trait are 

composed of indirect SNP effects via mediating traits. A method for detecting causal 

relationships between microbial and efficiency traits was established, allowing separation of 

direct and indirect SNP effects. 

Chapter four includes an invited review on the major genetic-statistical studies involving the 

gut microbiota information of nonruminants. The review discussed the analyses conducted in 

chapter one to three and places the analyses published in these chapters in the context of 

other statistical approaches. Chapter four completed the microbial genetic approaches 

published to date and discussed the potential use of microbial information in poultry and pig 

breeding. 

The general discussion includes further results not presented in any of the chapters and 

discusses the general findings across the chapters. 
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SUMMARY (GERMAN) 
In der Geflügelproduktion wird die Futter- und Nährstoffeffizienz in den kommenden Jahren 

immer wichtiger werden. Neben der klassischen Futtereffizienz wird vor allem Phosphor (P) 

bei Nichtwiederkäuern eine besondere Rolle spielen. Nichtwiederkäuer haben hauptsächlich 

während der Wachstumsphase einen hohen P-Bedarf, der aufgrund der geringen 

Verwertbarkeit pflanzlicher P-Quellen, mittels mineralischen P in den Futterrationen ergänzt 

wird. Im Hinblick auf die weltweit begrenzten mineralischen P-Vorkommen, der hohen 

Umweltbelastung durch tierische P-Ausscheidungen und den hohen Kosten der 

Supplementierung, ist eine bessere Verwertung von P aus Futterkomponenten erforderlich. 

Es ist bekannt, dass die Phosphorverwertung (PU) durch die Genetik der Tiere und durch die 

gastrointestinale Mikrobiota beeinflusst wird. Ziel dieser Arbeit war es, die Beziehungen 

zwischen der Wirtsgenetik, der Zusammensetzung der gastrointestinalen Mikrobiota und 

quantitativen Merkmalen zu untersuchen. Hierbei lag der Schwerpunkt auf der PU der 

japanischen Wachtel (Coturnix japonica) als Modellspezies für landwirtschaftlich wichtige 

Geflügelarten. In den Analysen wurden japanische Wachteln einer F2-Kreuzung verwendet. 

In Kapitel eins wurde eine genetische Kopplungskarte für 4k genomweit verteilte SNPs im 

Studiendesign erstellt und quantitative Merkmalsgenorte (engl.: quantitative trait loci, QTL) 

Kopplungsanalysen für Leistungs- und Knochenaschemerkmale unter Verwendung eines 

Multimarker-Regressionsansatzes durchgeführt. Mehrere genomweit signifikante QTL-

Regionen wurden kartiert, und mittels Einzelmarker-Assoziationsanalysen konnten 

merkmalsassoziierte Marker innerhalb der signifikanten QTL-Regionen gefunden werden. Die 

Analysen ergaben einen polygenen Charakter der Merkmale mit wenigen signifikanten QTL 

und vielen nicht nachweisbaren QTL. Einige sich für verschiedene Merkmale überschneidende 

QTL-Regionen konnten gefunden werden, was mit den genetischen Korrelationen zwischen 

den verwendeten Merkmalen übereinstimmte. Potenzielle Kandidatengene innerhalb der 

entdeckten QTL-Regionen wurden zudem identifiziert und diskutiert. 

Kapitel zwei bot eine neue Perspektive auf Verwertungs- und Effizienzmerkmale durch die 

Einbeziehung der gastrointestinalen Mikrobiota als Informationsquelle. In diesem Kapitel 

wurde die Verbindungen zwischen Wirtsgenetik, Magen-Darm-Mikrobiota und quantitativen 

Merkmalen näher untersucht. Wir wiesen mittels geschätzten Heritabilitäten und kartierten 

QTL-Regionen die wirtsgenetischen Einflüsse auf Teile der im Ileum lokalisierten mikrobiellen 

Besiedlung nach. Von insgesamt 59 untersuchten Bakteriengattungen zeigten 24 eine 

signifikante Heritabilität und es wurden sechs genomweit signifikante QTL-Regionen 

gefunden. Unter der Verwendung von Strukturgleichungsmodellen (engl.: structural equation 

models, SEM) konnten kausale Beziehungen zwischen dem vererbbaren Teil der Mikrobiota 
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und Effizienzmerkmalen bestätigt werden. Darüber hinaus wurden die Genauigkeiten 

verschiedener mikrobieller und genomischer Merkmalsvorhersagen verglichen und ein 

hologenomischer Selektionsansatz auf Grundlage des Wirtsgenoms und des vererbbaren 

Anteils der Zusammensetzung der Ileum-Mikrobiota untersucht. Dieses Kapitel bestätigte den 

indirekten Einfluss der Wirtsgenetik über die Zusammensetzung der Magen-Darm-Mikrobiota 

auf die untersuchten quantitativen Merkmale. 

In Kapitel drei wurden die kausalen Ansätze aus Kapitel zwei weiter ausgebaut. Es wurden 

Bayessche Lernalgorithmen verwendet, um kausale Netzwerke zwischen verschiedenen 

Merkmalen zu entdecken. Bei diesem Ansatz wurde die mikrobielle Diversität als zusätzliches 

quantitatives Merkmal betrachtet und gemeinsam mit den Effizienzmerkmalen analysiert, um 

deren direktionale Beziehungen zu modellieren und zu ermitteln. Die zuvor ermittelten 

direktionalen Beziehungen wurden danach mittels SEM bestätigt und auf SEM-

Assoziationsanalysen ausgedehnt. Die SEM-Assoziationsanalysen ermöglichten die 

Unterteilung totaler SNP-Effekte auf ein Merkmal in direkte oder indirekte SNP-Effekte, die 

durch vorgeschaltete Merkmale vermittelt werden. Dieses Kapitel zeigte, dass sich die totalen 

SNP-Effekte eines Merkmals bis zur Hälfte aus indirekten SNP-Effekten über vermittelnde 

Merkmale zusammensetzen können. Eine Methode zum Nachweis kausaler Beziehungen 

zwischen mikrobiellen und Effizienzmerkmalen wurde entwickelt, was eine Trennung von 

direkten und indirekten SNP-Effekten ermöglicht. 

Kapitel vier enthält eine Übersicht über die wichtigsten genetisch-statistischen Studien die 

Informationen zur Darm-Mikrobiota von Nichtwiederkäuern mit einbeziehen. Die Übersicht 

diskutiert die in den Kapiteln eins bis drei durchgeführten Analysen und stellt diese in den 

Kontext weiterer statistischer Ansätze. Kapitel vier vervollständigt die bisher veröffentlichten 

mikrobiologischen genetischen Ansätze und erörtert die mögliche Nutzung mikrobiologischer 

Informationen in der Geflügel- und Schweinezucht. 

Die allgemeine Diskussion enthält weitere Ergebnisse, die in keinem der Kapitel vorgestellt 

wurden und erörtert die allgemeinen Erkenntnisse in den einzelnen Kapiteln. 
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GENERAL INTRODUCTION 

In view of the growing world population and the simultaneously increasing demand for food, 

environmentally friendly, efficient and sustainable food production is needed (FAO, 2014; Ulian 

et al., 2020). A more efficient use of forage grown in the field is a necessary aspect for future 

livestock farming (Michalk et al., 2019). In livestock-dense regions in particular, feeding-related 

oversupply is accompanied by negative environmental effects (Herrero et al., 2015). In addition 

to general feed efficiency, the impacts of nitrogen and phosphorus discharges associated with 

nonruminant livestock production are also environmentally relevant (Steinfeld et al., 2006). 

Phosphorus (P) is an essential mineral for all living organisms and is primarily stored in the 

form of phytin acids and salt phytate in plant-based feed components (Eeckhout and Paepe, 

1994; Rodehutscord, 2016). Growing nonruminants have a high P demand (Williams et al., 

2000) but have a comparably low endogenous phytase activity in the gastrointestinal tract 

(GIT) (Maenz and Classen, 1998). For this reason, mineral P (phosphate rock) or phytase 

enzymes are added to nonruminant feeds. Considering the globally limited mineral P sources 

located in only five countries (Cordell et al., 2009; Neset and Cordell, 2012), the environmental 

impact of additional supplementation (Campbell et al., 2017), and the high costs of mineral P 

or phytase enzyme supplementation, the P utilization (PU) of animals is the focus of this thesis. 

The GIT of poultry harbors a large community of microbial settlers (Apajalahti et al., 2004). 

With the estimation of microbiabilities, the proportion of the phenotypic variance of a trait 

explained by the microbiota composition can be assessed (Difford et al., 2018). In addition to 

host genetics, parts of the gastrointestinal microbiota influence efficiency and performance 

traits (e.g., Wen et al., 2019, Zhou et al., 2022). For some performance traits studied, the 

proportion of phenotypic variance explained by the microbiota is equal to or even higher than 

the additive genetic proportion (e.g., Vollmar et al., 2020, Khanal et al., 2021). The genetic and 

microbial influences on PU have been demonstrated, with a significant heritability of 0.14 and 

a significant microbiability of 0.15 for quail (Beck et al., 2016; Vollmar et al., 2020). Previous 

studies also found significant heritabilities for P bioavailability in broilers and chickens (Ankra-

Badu et al., 2010; Zhang et al., 2003). In these studies, PU or P bioavailability were genetically 

and phenotypically correlated with performance traits.  

Besides the investigated PU, feed efficiency of the quail was evaluated. General feed efficiency 

can be divided into digestive and metabolic efficiency (Martin et al., 2021; Puillet et al., 2016). 

Digestive efficiency reflects the ability to absorb ingested feed nutrients from the GIT, whereas 

metabolic efficiency reflects the redistribution of absorbed nutrients into animal products. 

Microbial settlers in the GIT may be important drivers of digestive efficiency depending on the 

considered trait. The microbial influence on PU can be explained by the fact that the intestinal 
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phytase activity is low but microorganisms in the GIT can produce phytase (Maenz and 

Classen, 1998; Rodehutscord, 2017). Therefore, selective breeding for improved PU and 

performance traits based on the heritable part of the ileum microbiota, as proposed in Weishaar 

et al. (2020), may be beneficial. 

In the present thesis, quantitative traits of the model species Japanese quail (Coturnix 

japonica) were studied. The Japanese quail was used because of its short generation interval, 

small body size, low space requirements, and good comparability to other poultry (Kayang et 

al., 2004; Mills et al., 1997; Rodehutscord and Dieckmann, 2005). The overall aim of this thesis 

was to better understand the relationships between host genetics, gastrointestinal microbiota 

composition and quantitative traits in the dataset of an F2 design of Japanese quail. 

In chapter one, a 4k SNP linkage map of Japanese quail genotypes is constructed. Based on 

this linkage map, quantitative trait loci (QTL) linkage mapping is carried out for performance 

and bone ash traits to learn more about the genetic architecture of these traits. 

Chapter two studies the potential influences of host genetics on microbial features of the GIT 

by calculating heritabilities and performing QTL linkage analyses for microbial genera. By using 

structural equation models (SEM), unidirectional relationships between heritable microbial 

genera and quantitative traits are investigated. A combination of microbial best linear unbiased 

prediction (MBLUP) and genomic best linear unbiased prediction (GBLUP) is used to 

investigate the utility of hologenomic selection for the traits under consideration. 

Chapter three focuses on the directional, i.e., the causal, relationship between different 

quantitative traits and microbial alpha diversity of the ileum. Directional relationships in a pool 

of traits are investigated with the help of Bayesian networks, and by using SEM, the recursive 

relationships are analyzed in detail. Finally, SEM association analyses are used to split the 

total SNP effects of a trait into direct and indirect SNP effects, with the latter mediated by 

upstream traits in the network. 

Chapter four is an invited review article that explains the current microbial genetic-statistical 

approaches in breeding research, addresses open questions and puts the published analyses 

of this thesis in the context of other studies. This chapter describes the current and prospective 

usability of microbiota information in pig and poultry breeding. 

The thesis ends with a general discussion. This section shows additional results of the 

analyses of bone ash traits and genomic analyses of microbial features at the phylum level 

and debates the usability of microbial features in Bayesian network analyses. 
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Summary 

A large F2 cross with 920 Japanese quail was used to map QTL for phosphorus utilization, 

calcium utilization, feed per gain and body weight gain. In addition, four bone ash traits were 

included, because it is known that they are genetically correlated with the focal trait of 

phosphorus utilization. Trait recording was done at the juvenile stage of the birds. The 

individuals were genotyped genome-wide for about 4k SNPs and a linkage map constructed, 

which agreed well with the reference genome. QTL linkage mapping was performed using 

multimarker regression analysis in a line cross model. Single marker association mapping was 

done within the mapped QTL regions. The results revealed several genome-wide significant 

QTL. For the focal trait phosphorus utilization, a QTL on chromosome CJA3 could be detected 

by linkage mapping, which was substantiated by the results of the SNP association mapping. 

Four candidate genes were identified for this QTL, which should be investigated in future 

functional studies. Some overlap of QTL regions for different traits was detected, which is in 

agreement with the corresponding genetic correlations. It seems that all traits investigated are 

polygenic in nature with some significant QTL and probably many other small-effect QTL that 

were not detectable in this study. 

Keywords: feed utilization, Japanese quail, linkage map, quantitative trait loci 
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Introduction 

Phosphorus is an essential mineral for all living organisms. It is important for energy 

metabolism, nucleic acid synthesis, enzyme activity and bone mineralization. Most of the 

phosphorus in plant seeds and feedstuffs produced thereof is present as phytic acid and its 

salts, called phytates (Eeckhout & Paepe 1994). Owing to low endogenous phytase activity in 

the digestive tract of poultry, phytate‐P sources can only partially be utilized. Therefore, poultry 

diets are usually supplemented with mineral phosphorus, often in combination with exogenous 

phytase, which results in additional costs. Additionally, global mineral phosphorus resources 

are limited, and the phosphorus in excreta has an environmental impact. Therefore, it is 

desirable to minimize mineral phosphorus supplementation without compromising animal 

health and performance. Thus, high phosphorus utilization (PU) by animals is desirable. 

Japanese quail (Coturnix japonica) has long been an important model species in poultry 

studies because of its short generation intervals, small body size, which results in a smaller 

space requirement (Kayang et al. 2004; Cheng et al. 2010), and similarity to other poultry 

species (Stock & Bunch 1982; Shibusawa et al. 2001). A recent study implemented an F2 

experimental design with approximately 1000 Japanese quail and phenotyped the F2 

individuals for PU and related traits (Beck et al. 2016a). The coefficient of variation for PU was 

0.11, which indicated substantial variation, with a heritability of 0.14 (±0.06). By applying 

structural equation models some complex relationships of PU were detected with body weight 

gain and feed per gain ratio (Beck et al. 2016a). A subsequent study of the ileum microbiota 

composition of those birds estimated a significant microbiability for PU (Borda‐Molina et al. 

2020; Vollmar et al. 2020). In addition, ileal transcriptome profiles, miRNA–mRNA and gut 

microbiome interactions of subsets of quails with divergent PU have been studied (Oster et al. 

2020; Ponsuksili et al. 2020). 

Because calculation of PU involves quantitative measurement of feed intake and excretion 

over several days, PU is a very‐hard‐to‐measure trait in a routine breeding enterprise. 

Therefore, proxy traits and genetically correlated traits are desirable and convenient to 

measure. Bone ash traits are features that have been used to determine the bioavailability of 

phosphorus in quail (Vali & Jalali 2011) and chicken (Li et al. 2017). Several bone ash traits 

were analyzed using samples from the experiment of Beck et al. (2016a) and the genetic 

correlations with PU were estimated, which were between 0.5 and 0.6 (Künzel et al. 2019). 

Thus, it might be possible to consider bone ash traits as proxy traits to breed for the 

improvement of PU. 

Until now, it has been largely unknown whether the genetic variance of PU is caused by many 

QTL with small effects or if there are some large QTL that might be of special interest for 

breeding purposes. Therefore, the aim of this study was to map the QTL associated with the 
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focal trait PU as well as other performance traits and bone ash traits in Japanese quail using 

an F2 cross. The individuals were genotyped genome‐wide with 4k SNPs, and we used these 

data to establish a linkage map and subsequently to conduct QTL linkage and association 

mapping. 

Material and Methods 

Experimental design 

The experiment was conducted in accordance with the German Animal Welfare Legislation 

approved by the Animal Welfare Commissioner of the University Hohenheim (approval number 

S371/13TE). An F2 cross of Japanese quail (C. japonica) was established. The details of the 

F2 design can be found in Beck et al. (2016a), and only the essential steps are described in 

the following. The founder lines were divergently selected for social reinstatement behavior in 

an earlier experiment conducted at the INRA, France (Mills & Faure 1991). The selection of 

these founder individuals is thus not related to the focal trait PU. Twelve males from founder 

line A (B) were mated to 12 females from founder line B (A) to produce the F1 generation. 

From this generation, 17 males and 34 females were selected, and one male was mated with 

two females, resulting in 920 F2 individuals. These individuals belonged to 34 full‐sib families 

and 17 paternal half‐sib families, with approximatively the same family size. A low‐P‐content 

diet was provided to allow the quails to exhibit their full PU potential. The diet did not contain 

mineral P supplement or phytase. 

Trait records 

Body weight gain (BWG) was calculated as the difference in body weight at days 10 and 15. 

Feed per gain ratio (F:G) was calculated as feed intake (FI) within this 5‐day period divided by 

BWG. PU and calcium utilization (CaU) were calculated for this period based on quantitative 

intake and excretion of the elements as described in Beck et al. (2016a). The quails were 

slaughtered on day 15, and the right tibia and the right foot were preserved. The total amount 

of ash in the tibia and foot (TA and FA) as well as ash concentrations in the dry matter of the 

bones (TA% and FA%) were recorded as described in detail in Künzel et al. (2019). Descriptive 

statistical parameters, heritabilities and trait abbreviations are provided in Table 1. The 

heritabilities of the traits were estimated by Beck et al. (2016a) and Künzel et al. (2019) using 

mixed linear animal models. 

DNA collection and SNP genotyping 

One milliliter of blood was collected from each animal using EDTA‐K tubes and stored at −20°C 

until DNA extraction was performed using the Maxwell 16 Blood DNA Purification Kit 

(Promega). The DNA concentration was adjusted to 50 ng/µl to ensure consistent 

measurements. Using a customer’s Illumina iSelect chip, we genotyped 5388 SNPs. The SNP 

markers were mapped through the chicken genome using the method described in Recoquillay 
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et al. (2015), as no quail genome was available at the time of genotyping. The following criteria 

were applied to filter the genotypes: one or more conflicting genotypes between parent and 

offspring, a MAF ≤0.03, an SNP call frequency ≤0.9 and cluster separation ≤0.4. This led to 

the exclusion of 842 SNPs. Furthermore, we rejected SNPs on the sex chromosomes Z or W 

and in the linkage group (LG) LGE22C19W28_E50C23 or E64 (information obtained from the 

C. japonica reference genome assembly (NCBI GCA_001577835.1)). This filtering resulted in 

a total of 3986 SNP markers for further analysis. 

Table 1 Descriptive statistics and heritabilities of the traits. 

Trait1,2 Abbreviation Unit Minimum Maximum Mean h² (SE) 

Phosphorus utilization+ PU % 21.49 87.43 71.41 0.14 (0.06) 

Calcium utilization* CaU % 19.42 84.31 60.56 0.17 (≤0.10) 

Feed per gain+ F:G g/g 1.21 3.92 1.78 0.12 (0.06) 

Feed intake* FI g 16.11 62.35 42.65 0.11 (≤0.10) 

Body weight gain+ BWG g 5.80 37.85 24.50 0.09 (0.14) 

Tibia ash (mg)* TA mg 19.20 83.50 45.82 0.23 (≤0.10) 
Tibia ash (%)* TA% % 35.53 55.71 45.26 0.23 (≤0.10) 
Foot ash (mg)* FA mg 19.60 83.60 44.76 0.34 (≤0.10) 
Foot ash (%)* FA% % 12.10 21.91 17.30 0.31 (≤0.10) 

1 From days 10–15 of life.  

2 Measurements and heritabilities from Beck et al. (2016a)† and Künzel et al. (2019)* and SEs are in 

parentheses. 

Linkage map construction 

The linkage mapping software LEP-MAP2 (Rastas et al. 2015) was used to build a sex‐
averaged Japanese quail map. The software uses pedigree and marker information to assign 

SNP markers to LGs and computes the likelihood of the marker order within each LG using 

standard hidden Markov models (Rastas et al. 2013; Rastas et al. 2015). In the first step, the 

module SeparateChromosomes was used to assign markers to the LG. We used the option 

LOD = 1–20 to test lodLimits with a sizeLimit = 5 so that LGs with fewer than five markers were 

removed. A lodLimit of 5 resulted in 27 LGs with 3975 markers assigned to them. The 

remaining markers were assigned to LGs by using the module JoinSingles with lodLimit = 1–

15 and lodDifference = 2. A lodLimit = 1 was selected because there was no difference 

compared with other lodLimits in terms of results, and an additional nine SNPs could be 

assigned. The module OrderMarkers orders the markers within each LG. This step was 

replicated five times to select the best order with the highest likelihood. The module was run 

with the options polishWindow = 30, filterWindow = 10 (both parameters are used for speeding 

up the computations), numThreads = 10 (maximum number of threads to use), useKosambi = 

1 (using Kosambi mapping function), minError = 0.15 (because genotyping errors can lead to 

large map distances) and sexAveraged = 1 (to compute the sex‐averaged map distances). 
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To compare the calculated genetic map with the reference genome C. japonica (NCBI 

GCA_001577835.1), the flanking sequences for each SNP were aligned by performing BLAST 

searches of the reference genome. This led to the assignment of our LGs to the chromosomes. 

These assignments were used throughout the rest of the study. 

QTL linkage and association analysis 

A line cross model was applied in this study. For this purpose, we used the package RQTL2 

(Broman et al. 2019). This program was developed for inbred line crosses. We estimated the 

FST value for each SNP in the two founder populations using eq (8) in Weir & Cockerham 

(1984). Subsequently, we selected only those SNPs with an FST > 0.23, which comprised 

approximately half of the SNPs, and the selected SNPs were used for QTL linkage mapping. 

This filtering ensured that the assumptions regarding the inbred founder lines made by the 

software were approximatively fulfilled. In addition, we selected only those chromosomes with 

> 40 SNPs because we applied multimarker linkage mapping. These two filter steps resulted 

in 1968 SNPs that were used for QTL linkage mapping on 19 chromosomes. Subsequently, 

we applied the RQTL2 software package and estimated QTL genotype probabilities for each 

F2 individual and each marker position. These probabilities were used in a regression analysis 

to map the QTL. We included the hatches as fixed effects in the regression model. The LOD 

score was used as a test statistic, and correction for multiple testing was done using the 

permutation test (10 000 permutations). We considered two significance criteria for each trait, 

i.e. 1 and 5% genome‐wide significance (LOD scores 4.9–5.9 and 4.2–4.7 respectively). The 

QTL support intervals (SI) were approximated using the LOD drop off method with a drop of 

1.5 LOD (Manichaikul et al. 2006). The upper and lower bounds of the SI were extended by 5 

cM to be conservative. Because the assumptions of the linkage QTL mapping approach 

regarding the inbred founder lines were only approximated fulfilled (i.e. not every SNP with 

FST > 0.23 was divergently fixated in the two founder lines), we conducted an SNP association 

analyses. For this purpose, we tested all markers within the SI (i.e. also those with an 

FST < 0.23) for trait associations to support the presence of a QTL. We repeated this process 

for each SNP within the intervals separately by applying a mixed linear model using the 

software GCTA (Yang et al. 2011). The hatches were considered as fixed effects, and 

correction for putative population stratification effects was performed by including a random 

animal effect based on a genomic relationship matrix that was calculated using all markers 

except those on the chromosome under consideration (i.e. the leave‐one‐chromosome‐out 

option in gcta). As only those markers in the SI were tested for associations, no correction for 

multiple testing was performed. 

To identify positional candidate genes in the 0.5 Mbp regions up‐ and downstream of significant 

SNPs, we used Genome Data viewer from NCBI and the reference genome assembly (NCBI 

GCA_001577835.1). 
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Results 

Construction of the linkage map 

The summary of the linkage map is shown in Table 2, and a list of SNPs with their chromosomal 

position was made public available (see Data availability statement). The linkage map is plotted 

in Fig. S1. A total number of 3975 SNPs were assigned to 27 LGs. The map covers 1735 cM 

with individual LG lengths that range from approximately 3 cM [C. japonica chromosome (CJA) 

28] to 253 cM (CJA1) (Table 2). The number of markers per chromosome varied from 5 

(CJA25) to 769 SNPs (CJA1), and the average density was 0.81 markers per cM across all 

chromosomes. We estimated a high correlation between the genetic (cM) position of the 

calculated linkage map and the physical (bp) position of the reference genome assembly (NCBI 

GCA_001577835.1), ranging from 0.88 to 0.99 (Table 2). Overall, the order of the markers of 

the genetic map agreed well with the order of the physical positions of the reference genome. 

No LGs could be assigned to chromosome 16, because this chromosome is poorly 

characterized so far and no SNP could be assigned to it. Figure 1 shows the comparison 

between the physical (bp) and genetic map (cM) for chromosome 2, and some outliers are 

visible. These outlier markers were either identified at other positions within an LG compared 

with the reference genome or had positions that were not yet known. The comparisons of the 

remaining chromosomes are shown in Fig. S1. 

 

Figure 1 Plot of SNPs that were assigned to chromosome 2. The y‐axis shows the physical 

position (bp), which is based on the reference genome assembly (NCBI GCA_001577835.1), 

and the x‐axis shows the genetic position (cM). Note that the SNP positions at 0 bp refer to an 

as yet unknown position.  
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Table 2 Numbers of markers (n SNPs) on each chromosome (Coturnix japonica, CJA), length 

in cM and in Mb, average number of markers per cM and per Mb, and correlation between the 

cM and the bp positions. 

CJA n SNPs 

 Length  Markers 

Correlation  cM Mb1  per cM per Mb 
1 769  253.09 177  0.33 0.23 0.96 
2 650  189.57 136  0.29 0.20 0.98 
3 457  153.11 101  0.34 0.22 0.94 
4 436  116.80 83  0.27 0.19 0.98 
5 278  97.64 54  0.35 0.19 0.89 
6 145  64.45 32  0.44 0.19 0.97 
7 152  68.45 34  0.45 0.20 0.93 
8 138  54.70 27  0.40 0.15 0.92 
9 121  53.67 21  0.44 0.15 0.99 
10 88  44.22 19  0.50 0.17 0.96 
11 91  43.40 18  0.48 0.18 0.95 
12 90  47.72 17  0.53 0.15 0.99 
13 63  38.74 16  0.61 0.19 0.96 
14 75  47.11 13  0.63 0.16 0.92 
15 55  46.04 12  0.84 0.19 0.98 
16 -  - 0.3  - - - 
17 52  45.19 9  0.87 0.14 0.98 
18 40  38.77 10  0.97 0.13 0.95 
19 56  45.78 9  0.82 0.12 0.97 
20 62  51.92 13  0.84 0.20 0.96 
21 26  31.08 6  1.20 0.15 0.96 
22 18  39.11 4  2.17 0.13 0.96 
23 27  39.93 5  1.48 0.13 0.96 
24 36  46.08 6  1.32 0.15 0.98 
25 5  3.33 3  0.67 0.10 0.88 
26 19  37.30 5  2.33 0.14 0.95 
27 17  35.41 5  2.08 0.19 0.89 
28 9  2.77 4  0.31 0.13 0.95 
total 3975  1735.36 839.30  - - - 
average 147  64.27 29.98  0.81 0.17 0.95 

1 Size in Mb based on the reference genome Coturnix japonica 2.0 (NCBI GCA_001577835.1). 

Identification of QTL 

The test statistic plots of the analyzed chromosomes are shown in Figs. 2 & 3 for the 

performance and the bone ash traits respectively. A total of 21 QTL (eight QTL for 1%, 13 QTL 

for 5%) were mapped for all traits at a 1% (5%) genome‐wide significance level. For all traits, 

QTL could be mapped, except for F:G. A detailed description of the QTL is given in Table 3. 

For PU, we identified one QTL on CJA3, and for BWG, we found one QTL on CJA3, whereas 

all other traits were associated with two or more QTL (Table 3, Figs. 2 & 3). Some SI 

overlapped for several traits. For example, the SI on CJA3 for PU and FA% and the SI on 

CJA4 for CaU, TA and FA overlapped (Table 3). 
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Figure 2 Plot of the QTL linkage mapping scan of growth and efficiency traits with LOD score 

test statistics. The green and red lines correspond to genome‐wide significance levels of 5 and 

1% respectively. 

Figure 3 Plot of the QTL linkage mapping scan of bone ash traits with LOD score test statistics. 

The green and red lines correspond to genome‐wide significance levels of 5 and 1% 

respectively.  
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The results of the SNP association analyses are shown as the numbers of significant SNPs in 

the QTL regions, and the significant SNPs are listed in Table S1. A total of 127 SNPs were 

shown to be significant in QTL regions for all traits. Significant SNPs were found in all QTL 

regions for the traits PU, CaU, FI, BWG and TA (Table 3, Table S1). Although the SI on CJA3 

overlapped for PU and FA%, no significant identical SNPs could be found in this region (Table 

S1). PU was associated with five significant SNPs, and FA% was associated with three SNPs 

on CJA3. Several SNPs were significantly associated with several traits. The QTL on CJA3 for 

FI shared five significant SNPs with the QTL for BWG (id12506 at 91 cM, id10670 at 95 cM, 

id10683 at 97 cM, id06748 at 101 cM and id14876 at 102 cM). Nine SNPs on CJA11 (id06872 

and id32446 at 7 cM, id15452 at 11 cM, id32451, id07827, id09706, id05659 and id08551 at 

13 cM, and id05029 at 16 cM) were significant within the QTL region for FI and FA (Table S1). 

One SNP (id08651 at 39 cM) on CJA18 was significant within the QTL region for TA and TA%. 

No other common significant SNP similarities could be found despite the presence of 

overlapping SI. 

Table 3 Trait specific positions of significant QTL (Pos) on the chromosomes (CJA), LOD score 

test statistics (LOD) at the 1% (**) and 5% (*) genome‐wide significance level, and the 

corresponding support intervals (SI). SI_low and SI_high = beginning and end of the support 

interval respectively, with the number (n) of significant SNPs identified by the association 

analysis.  

Trait1 CJA Pos  LOD SI_low SI_high n of SNPs 

PU 3 48.9  4.82* 35.89 65.71 5 

CaU 
4 62.6  4.64* 31.71 75.64 14 

17 36.8  4.35* 20.21 57.69 6 

FI 

3 104.6  6.73** 90.27 119.49 7 

5 38.6  4.63* 25.99 51.10 4 

11 5.5  4.34* 0.00 27.44 10 

BWG 3 104.6  5.59** 90.27 124.58 12 

TA 
4 44.7  4.23* 31.71 57.82 28 

18 30.6  4.43* 6.11 49.06 1 

TA% 

4 88.6  4.98* 72.78 120.10 0 

17 36.8  4.95* 20.21 57.69 1 

18 30.6  4.38* 6.11 49.06 1 

FA 

4 45.2  5.63** 32.68 57.82 0 

5 38.6  5.05** 11.00 51.10 0 

10 15.5  4.45* 0.00 42.25 6 

11 13.2  4.92* 0.00 27.44 10 

FA% 

1 77.1  4.99** 63.95 90.56 4 

3 44.2  5.76** 31.22 58.10 3 

4 88.6  6.74** 72.78 103.79 12 

12 27.5  5.45** 13.05 41.16 0 

17 36.8  4.62* 4.58 57.69 3 
1 For trait abbreviations, see Table 1.  
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Candidate genes associated with PU, performance and bone ash traits 

We identified numerous genes in a 0.5 Mbp region up‐ and downstream of the significant SNPs 

in all QTL regions. For the PU QTL on CJA3 we identified 73 positional genes (see Table S2). 

Of these genes, 51 have known functions. No functional annotation analyses were conducted. 

No SNP within exon regions could be identified. Therefore, we looked for SNPs that were either 

intronic or obvious and were related to metabolic processes in which phosphorus might play a 

role. This filtering led to four genes (from the initial 73; Table 4), which were discussed in detail. 

Table 4 Genes and their functions1 and positions in the reference genome within the PU QTL 

region of CJA3. 

Official gene  
symbol Gene name Function1 
BMP2 Bone morphogenetic protein 2 Ligand of TGF-beta superfamily, induces  

    cartilage and bone formation 
PLCB1 Phospholipase Cβ1 Hydrolyze phospholipids into fatty acids 

    and other lipophilic molecules, catalyzes 
    the formation of inositol-1,4,5-trisphosphate 
    and diacylglycerol from  
    phosphatidylinositol-4,5-bisphosphate, 
    uses calcium as a cofactor, involved in  
    intracellular transduction of many 
    extracellular signals 

PLCB4 Phospholipase Cβ4 Hydrolyze phospholipids into fatty acids 
    and other lipophilic molecules, catalyzes 
    the formation of inositol-1,4,5-trisphosphate 
    and diacylglycerol from 
    phosphatidylinositol-4,5-bisphosphate, 
    uses calcium as a cofactor, involved in 
    intracellular transduction of many  
    extracellular signals 

TGFB2 Transforming Growth Factor β2 Involved in TGF-β-2 chains, Involved in 
    many processes, e.g. cell differentiation, 
    growth, or morphogenesis processes 

1 According to GeneCards and UniProt. 

Discussion 

In previous studies, we analyzed the impact of the quail genome (Beck et al. 2016a; Künzel et 

al. 2019), ileum microbiota composition (Borda‐Molina et al. 2020; Vollmar et al. 2020) and 

transcriptomic profiles (Oster et al. 2020) as well as miRNA–mRNA and gut microbiota 

(Ponsuksili et al. 2020) on the focal trait PU and other related traits. Preliminary QTL mapping 

was done on few chromosomes and markers, without reporting any clear signals (Beck et al. 

2016b). Hence, a thorough QTL mapping has not been done previously. This study filled this 

gap by conducting QTL linkage and association mapping for these traits in the same 

experimental design. The results clearly showed that all of the investigated traits are polygenic 
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in nature and are associated with several significant QTL as well as many other small‐effect 

QTL that were not detectable. 

Linkage map 

Until the publication of the reference genome in 2016, only a few low‐density genetic maps 

were available. The map calculations were based on ALFP markers (Roussot et al. 2003) or 

microsatellites (Kayang et al. 2004), or both types of markers (Kikuchi et al. 2005). Recoquillay 

et al. (2015) were the first to calculate a genome‐wide linkage map based on SNP markers. 

Our genetic map agreed well with the map from Recoquillay et al. (2015). Next, based on the 

reference genome C. japonica 2.0 (NCBI GCA_001577835.1), genome assemblies for other 

quail species (Wu et al. 2018) and Japanese quail (Morris et al. 2020) were developed. As our 

experiment with several full‐ and half‐sib families and approximately 1000 animals across three 

generations can be seen as a powerful linkage mapping design, we developed a further linkage 

map. 

The coverage and density of SNP markers were low for some LGs (Table 2, Fig. S1). This is 

especially noticeable for the smaller LGs (assigned to CJA25 and 28) with fewer than 10 

markers. This is a result of the chosen sizeLimit = 5 in the module SeparateChromosome of 

the software lepmap2, as a larger sizeLimit resulted in a larger number of markers that could 

not be assigned to any LG. In addition, this sizeLimit was chosen to obtain the best fit based 

on the karyotype of Japanese quail. The genome of Japanese quail is closely related to that 

of the domestic chicken (Gallus gallus domesticus) (Wu et al. 2018) and shows a typical avian 

species karyotype that includes 10 pairs of macrochromosomes and numerous small 

microchromosomes (Schmid et al. 1989; Zlotina et al. 2019). 

After comparison with the reference genome (e.g. Fig. 1), only a few markers could not be 

assigned to physical positions. However, most marker positions in the LGs were consistent 

with the chromosomes of the reference genome. The good fit of the map is also demonstrated 

by the high correlation of the linkage and physical marker positions (Table 2). Overall, the 

present linkage map seems to be of good quality and consistent with the reference genome. 

This justified the use of this map for the QTL linkage analysis. 

QTL results and candidate genes 

Our study adds new information for QTL in Japanese quail and provides novel QTL affecting 

PU, i.e. the PU QTL on CJA3 (Table 3). Owing to the use of different methods, experimental 

designs and trait definitions and recordings, a sophisticated comparison of QTL linkage 

mapping results across studies is difficult and thus was not performed in this study. QTL 

associated with other traits in Japanese quail have been reported by Minvielle et al. (2005), 

Esmailizadeh et al. (2012), Ori et al. (2014), Sohrabi et al. (2012), Recoquillay et al. (2015) 

and Knaga et al. (2018). 
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Some trait interrelationships could be identified by studying the genetic and phenotypic 

correlations (Beck et al. 2016a; Künzel et al. 2019) as well as the overlapping of the QTL SI 

(Table 3). For example, on CJA3, we detected QTL associated with PU and FA% in the same 

chromosomal region (Table 3). These traits are genetically correlated (0.46) (Künzel et al. 

2019). On CJA4, we mapped QTL associated with CaU, TA and FA (Table 3), and these traits 

also showed substantial genetic correlations. The strong genetic correlation between BWG 

and FI (approximately 0.87, Künzel et al. 2019) can be partly explained by the QTL on CJA3, 

which mapped to both traits (Table 3). 

Two of the four most interesting candidate genes in the PU QTL on CJA3 (Table 4) are 

transforming growth factor‐β 2 (TGFB2) and bone morphogenetic protein 2 (BMP2). Both 

genes are members of the TGFB superfamily (Iqbal et al. 2018; Loozen et al. 2019), which is 

known to encode multifunctional growth factors involved in cell differentiation, growth and 

morphogenesis processes (Li et al. 2003; Darzi Niarami et al. 2014). TGFB2 is also involved 

in the mitogen‐activated protein kinase (MAPK) signaling pathway (Kyoto Encyclopedia of 

Genes and Genomes, KEGG). This pathway is associated with many tissue‐building and ‐
rebuilding processes in organisms. The other two candidate genes are phospholipase Cβ1 

and 4 (PLCB1 and PLCB4) (Table 4). According to KEGG analysis, they are involved in a 

broad spectrum of biological processes, including inositol phosphate metabolism, the calcium 

signaling pathway, the phosphatidylinositol signaling system, the GnRH signaling pathway and 

the Wnt signaling pathway. Involvement in inositol phosphate‐related pathways is of specific 

interest, because phytate provided the main source of P in the diet. Variation in PU likewise 

was caused by differences in digestive phytate breakdown, thus providing a different amounts 

of inositol and inositol phosphates for the quail’s metabolism. Also far‐reaching and as an 

example, the Wnt signaling pathway is known to be involved in bone metabolism, which 

supports the connection of PU and bone ash traits (Robling 2013; Maeda et al. 2019; 

Ponsuksili et al. 2020). This partially explains the genetic correlation of the traits. 

Conclusion 

The experimental design used in this study proved to be powerful for the calculation of an SNP 

linkage map. Several genome‐wide significant QTL could be mapped by linkage and 

subsequent association analyses. It seems that the focal trait PU and the other performance 

and bone ash traits are polygenic in nature and are associated with some significant QTL and 

probably many other small‐effect QTL that were not detectable in this study. Some overlap of 

QTL regions for different traits was detected, which is in agreement with the corresponding 

genetic correlations. For PU, a QTL on CJA3 could be detected by linkage mapping, which 

was substantiated by the results of the SNP association mapping. Four candidate genes were 

identified for this QTL, which should be investigated in further functional studies. 
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Table S1. Summary of trait-associated markers (P ≤ 0.05) within the significant QTL regions. 

Table S2. Summary of 73 identified genes for PU in a 0.5 Mbp region up- and downstream of 

significant SNPs. 
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Supplemental Figure S1 Comparison of genetic and physical maps. The y-axis shows the physical position (bp), which is based on the reference 

genome assembly (NCBI GCA_001577835.1), and the x-axis shows the genetic position (cM). Note that the SNP positions at 0 bp refer to an as yet 

unknown position.
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Supplemental Table S1 Summary of trait-associated markers (P ≤ 0.05) within the significant 

QTL regions. 

Traita CJA Marker ID p-value cM Matched markers with other traits 
PU 3 id10557 0.041 37.70 

 

3 id01656 0.042 37.70 
 

3 id14384 0.036 37.70 
 

3 id14623 0.012 41.86 
 

3 id10574 0.034 43.22 
 

CaU 4 id06563 0.027 46.69 
 

4 id09235 0.048 65.59 
 

4 id04477 0.048 65.59 
 

4 id14317 0.025 65.59 
 

4 id12663 0.012 65.59 
 

4 id16422 0.042 65.59 
 

4 id12664 0.042 65.59 
 

4 id05313 0.043 68.33 
 

4 id10860 0.034 68.33 
 

4 id03398 0.042 68.33 
 

4 id05311 0.042 68.33 
 

4 id03657 0.040 71.08 
 

4 id12682 0.017 74.72 
 

4 id10870 0.048 75.27 
 

17 id11675 0.002 28.28 
 

17 id23952 0.019 36.76 
 

17 id03867 0.044 45.19 
 

17 id05727 0.013 45.19 
 

17 id03250 0.013 45.19 
 

17 id13349 0.036 45.19 
 

FI 3 id12506 0.003 90.82 BWG 
3 id10670 0.001 95.39 BWG 
3 id07565 0.038 97.35 

 

3 id10683 0.019 97.35 BWG 
3 id06748 0.022 100.81 BWG 
3 id14876 0.036 101.52 BWG 
3 id29726 0.049 112.08 

 

5 id21765 0.016 30.87 
 

5 id10931 0.025 35.87 
 

5 id32246 0.035 36.37 
 

5 id32730 0.032 36.93 
 

11 id06872 0.024 7.32 FA 
11 id32446 0.027 7.32 FA 
11 id15452 0.003 11.30 FA 
11 id32451 0.005 13.21 FA 
11 id07827 0.011 13.21 FA 
11 id09706 0.011 13.21 FA 
11 id05659 0.009 13.21 FA 
11 id08551 0.009 13.21 FA 
11 id05029 0.023 15.58 FA 
11 id32793 0.039 16.83 

 

BWG 3 id12506 0.009 90.82 FI 
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3 id10670 0.002 95.39 FI 
3 id19121 0.009 97.34 

 

3 id14875 0.030 97.35 
 

3 id19122 0.030 97.35 
 

3 id10683 0.008 97.35 FI 
3 id03367 0.028 97.35 

 

3 id14232 0.046 100.81 
 

3 id06748 0.039 100.81 FI 
3 id14876 0.042 101.52 FI 
3 id10530 0.028 109.31 

 

3 id12548 0.013 120.70 
 

TA 4 id02692 0.013 38.31 
 

4 id05290 0.007 38.31 
 

4 id11068 0.007 38.31 
 

4 id10783 0.008 38.31 
 

4 id03383 0.021 38.69 
 

4 id07589 0.028 38.69 
 

4 id04753 0.028 38.69 
 

4 id02319 0.028 38.69 
 

4 id06108 0.006 38.69 
 

4 id09188 0.006 38.69 
 

4 id03382 0.031 38.69 
 

4 id25452 0.049 38.69 
 

4 id31883 0.031 38.86 
 

4 id14009 0.019 39.51 
 

4 id20374 0.010 39.51 
 

4 id09186 0.028 39.51 
 

4 id23126 0.031 39.51 
 

4 id10788 0.028 39.51 
 

4 id06761 0.044 39.51 
 

4 id16557 0.044 39.51 
 

4 id10790 0.044 39.51 
 

4 id16986 0.044 39.51 
 

4 id04323 0.019 39.76 
 

4 id09192 0.019 40.13 
 

4 id08248 0.038 44.21 
 

4 id25646 0.028 46.87 
 

4 id09217 0.039 47.02 
 

4 id07604 0.049 49.98 
 

18 id08651 0.030 38.77 TA% 
TA% 17 id06643 0.001 40.83 

 

18 id08651 0.029 38.77 TA 
FA 10 id07281 0.049 0.88 

 

10 id13413 0.026 5.22 
 

10 id05642 0.011 16.49 
 

10 id09667 0.043 16.49 
 

10 id07288 0.027 32.10 
 

10 id32850 0.004 35.04 
 

11 id06872 0.023 7.32 FI 
11 id32446 0.017 7.32 FI 
11 id15452 0.012 11.30 FI 
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11 id32451 0.011 13.21 FI 
11 id07827 0.021 13.21 FI 
11 id09706 0.023 13.21 FI 
11 id05659 0.022 13.21 FI 
11 id08551 0.022 13.21 FI 
11 id05029 0.041 15.58 FI 
11 id32374 0.042 16.82 

 

FA% 1 id33073 0.008 71.94 
 

1 id03827 0.024 76.45 
 

1 id09976 0.013 80.66 
 

1 id11811 0.027 80.85 
 

3 id10552 0.020 32.13 
 

3 id02658 <0.001 32.13 
 

3 id14857 0.046 48.40 
 

4 id17823 0.008 74.72 
 

4 id09240 0.008 74.72 
 

4 id32711 0.032 74.72 
 

4 id10866 0.008 74.72 
 

4 id25649 0.026 77.60 
 

4 id04769 0.024 79.63 
 

4 id09248 0.045 83.66 
 

4 id00486 0.030 88.64 
 

4 id26718 0.042 90.26 
 

4 id13708 0.019 91.30 
 

4 id09265 0.040 103.54 
 

4 id27230 0.034 103.64 
 

17 id33074 0.047 9.73 
 

17 id00247 0.002 17.16 
 

17 id19277 0.036 36.74 
 

a For trait abbreviations, see Table 1. 
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Supplemental Table S2 Summary of 73 identified genes for PU in a 0.5 Mbp region up- and 

downstream of significant SNPs. 

Traita Gene Gene location in bp SNP Location (distance  
to genes in bp) 

SNP location 

Start End cM bp 

PU 
  

PAK5 11950702 12094008 
    

LAMP5 12095782 12106823 
    

PLCB4 12108448 12289519 
    

PLCB1 12329777 12674893 id14384 intronic 37.703 12540995 

LOC107310957 12675334 12679908 
    

TMX4 12718163 12743981 
    

HAO1 12748177 12774489 
    

LOC107310956 12762766 12764953 
    

LOC107310980 13000416 13110455 
    

BMP2 13149896 13155078 
    

LOC116652411 13174497 13239523 
    

LOC107310917 13273456 13326531 
    

FERMT1 13326689 13344740 
    

LRRN4 13349146 13357235 
    

CCT4 13362618 13368311 
    

FAM161A 13368497 13376521 
    

DTD1 13376027 13383387 
    

LOC116653205 13383435 13385218 
    

SEC23B 13384133 13398061 
    

POLR3F 13399683 13405682 
    

DZANK1 13405772 13421996 
    

BIRC5 13422245 13423482 
    

KAT14 13424420 13438934 
    

LOC107310984 13438522 13439387 
    

OVOL2 13447675 13454039 
    

MGME1 13456378 13461301 
    

SNX5 13461501 13477385 id10557 upstream (13110) 37.701 13490495 

RRBP1 13509416 13529344 id10557 downstream 
(18920) 

37.701 13490495 

DSTN 13532567 13541879 
    

LOC116653173 13541962 13562948 
    

LOC107310933 13564800 13567019 
    

LOC107310890 13584169 13587185 
    

SYNDIG1 13662551 13678715 id01656 upstream (13979) 37.703 13692694 

LOC107310995 13727528 13728659 id01656 downstream 
(34834) 

37.703 13692694 

CST7 13770487 13778397 
    

APMAP 13782846 13793306 
    

ACSS1 13793652 13823150 
    

TTBK1 13841207 13915358 
    

SLC22A7 13918080 13930431 
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TTL 13931216 13945307 
    

POLR1B 13945877 13958409 
    

PTCRA 13959083 13960082 
    

CNPY3 13960406 13962555 
    

GNMT 13962792 13964620 
    

PEX6 13965569 13977199 
    

VSX1 13980174 13982882 
    

ENTPD6 13996794 14007427 
    

MAL 14010292 14014218 
    

MRPS5 14017074 14048607 
    

LOC116653272 14150276 14150648 
    

SLC8A1 14175324 14272642 
    

LOC116653182 14184512 14190798 
    

LOC107311002 16816696 16819420 
    

TGFB2 16895806 16958385 
    

RRP15 16964138 16991977 
    

SPATA17 17175446 17258347 
    

GPATCH2 17258251 17354587 id10574 intronic 43.223 17293862 

LOC107311059 17363606 17392868 
    

LOC116653249 17447035 17456715 
    

ESRRG 17456684 17830994 
    

LOC107311023 17471465 17474542 
    

LOC116653250 17678879 17681797 
    

USH2A 17848612 18204761 
    

KCTD3 18205056 18228494 
    

LOC107311086 18240156 18254071 
    

KCNK2 18303701 18471703 id14623 intronic 41.856 18451011 

LOC107311089 18421856 18471849 id14623 intronic 41.856 18451011 

CENPF 18473857 18508763 
    

PTPN14 18517965 18615002 
    

SMYD2 18616279 18643814 
    

LOC107311062 18650875 18657208 
    

PROX1 18724302 18774251 
    

LOC116653231 18899477 19022498 
    

a For trait abbreviations, see Table 1. 
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Abstract 

Background: Phosphorus is an essential nutrient in all living organisms and, currently, it is 

the focus of much attention due to its global scarcity, the environmental impact of phosphorus 

from excreta, and its low digestibility due to its storage in the form of phytates in plants. In 

poultry, phosphorus utilization is influenced by composition of the ileum microbiota and host 

genetics. In our study, we analyzed the impact of host genetics on composition of the ileum 

microbiota and the relationship of the relative abundance of ileal bacterial genera with 

phosphorus utilization and related quantitative traits in Japanese quail. An F2 cross of 758 

quails was genotyped with 4k genome-wide single nucleotide polymorphisms (SNPs) and 

composition of the ileum microbiota was characterized using target amplicon sequencing. 

Heritabilities of the relative abundance of bacterial genera were estimated and quantitative trait 

locus (QTL) linkage mapping for the host was conducted for the heritable genera. Phenotypic 

and genetic correlations and recursive relationships between bacterial genera and quantitative 

traits were estimated using structural equation models. A genomic best linear unbiased 

prediction (GBLUP) and microbial (M)BLUP hologenomic selection approach was applied to 

assess the feasibility of breeding for improved phosphorus utilization based on the host 

genome and the heritable part of composition of the ileum microbiota. 

Results: Among the 59 bacterial genera examined, 24 showed a significant heritability 

(nominal p ≤ 0.05), ranging from 0.04 to 0.17. For these genera, six genome-wide significant 
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QTL were mapped. Significant recursive effects were found, which support the indirect host 

genetic effects on the host’s quantitative traits via microbiota composition in the ileum of quail. 

Cross-validated microbial and genomic prediction accuracies confirmed the strong impact of 

microbial composition and host genetics on the host’s quantitative traits, as the GBLUP 

accuracies based on the heritable microbiota-mediated components of the traits were similar 

to the accuracies of conventional GBLUP based on genome-wide SNPs. 

Conclusion: Our results revealed a significant effect of host genetics on composition of the 

ileal microbiota and confirmed that host genetics and composition of the ileum microbiota have 

an impact on the host’s quantitative traits. This offers the possibility to breed for improved 

phosphorus utilization based on the host genome and the heritable part of composition of the 

ileum microbiota. 

Background 

The poultry industry is a fast-growing sector of the global food supply. For economic and 

environmental impact reasons, feed efficiency and nutrient efficiency have received 

considerable attention in poultry research. Phosphorus (P) is an essential nutrient with finite 

global mineral resources and an enormous environmental impact due to its excretion in animal 

faeces [1–3]. In plant seeds, P is primarily stored in the form of phytic acid (myo-inositol 

hexaphosphate, InsP6) [4]. Better utilization of P from feed components is a desirable goal, 

which requires the action of phytase and other phosphatase enzymes that catalyze the 

stepwise cleavage of P from InsP6 in the digestive tract [5, 6]. Poultry are known to have 

comparably low endogenous phytase activity. Nevertheless, native InsP degradation in the 

gastrointestinal tract (GIT) can occur by the action of phytases and phosphatases that originate 

from the endogenous mucosa of the GIT from some vegetable feed components, or from the 

gut microbiota (reviewed in [7]). 

It is well known that microbiota composition in the GIT of livestock is influenced by 

environmental factors, such as diet or housing conditions. However, numerous literature 

results indicate that host genetics has also an effect on GIT microbial colonization; and 

significant heritabilities have been reported for the relative abundance of bacterial genera in 

the cow rumen [8, 9], for bacterial genera and operational taxonomic units (OTU) level in the 

pig colon [10, 11], and for cecal and fecal microbial species in chickens [12–14]. 

A previous study on Japanese quails under standardized feeding and housing conditions 

showed that P utilization (PU) varied substantially between birds and had a heritability of 0.14 

[15]. Borda-Molina et al. [16] detected differences in the relative abundance of different 

microbial genera between quails from the same population with high- versus low-PU. In a 

subsequent study, we confirmed that PU and related traits are strongly influenced by the hosts’ 
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composition of the ileal microbiota and we estimated a significant microbiability with an order 

of magnitude similar to heritability [17]. We assessed the microbial architecture of PU and 

related host traits by applying microbiome-wide association analysis (MWAS) and found that 

they were polymicrobial, with many trait-associated bacterial genera, but none of the genera 

had an exceptionally large effect [17]. Subsequently, we used the same dataset to map 

quantitative trait loci (QTL) for PU in the quail genome. The quails were genotyped with 4k 

single nucleotide polymorphisms (SNPs) and several significant QTL were identified [18]. 

In MWAS, it is assumed that the microbiota composition is the cause of the variation in host’s 

quantitative traits [17], but this might not be true because microbiota composition and 

quantitative traits could be influenced by the same host QTL and thus may be correlated via a 

common set of host QTL. Structural equation models (SEM) [19] are multivariate mixed model 

equations that account for recursive relationships between traits and allow separation of direct 

and indirect genetic effects that are responsible for the genetic relationship between traits. If a 

recursive relationship exists, QTL that directly affect one trait may indirectly affect the second 

trait via the recursive relationship between the traits. Saborío-Montero et al. [8] used SEM to 

identify significant polymicrobial recursive interactions between rumen microbiota and 

methane emissions in cattle. Tiezzi et al. [20] also confirmed recursive effects of fecal 

microbiota composition on fat deposition in pigs, using SEM. 

In Weishaar et al. [21], a genome-based selection index to improve a quantitative trait in the 

host was developed that considered the hologenome, i.e., both the host genome and microbial 

metagenome of microbiota composition in the GIT. The selection index included estimated 

breeding values for the direct effect of the host genome on the trait and for the indirect effect 

mediated by microbiota composition. The core aspect of the method is a reference population 

with trait-recorded animals that have been genotyped for a SNP‐chip and characterized for 

microbiota composition. A microbial mixed model was used to estimate the effect of the 

animal’s microbiota on the trait. Subsequently a genomic mixed linear model was applied to 

predict the SNP effects for the estimated animal microbiota effect. Weishaar et al. [21] 

successfully applied this model to a small pig dataset on feed efficiency. 

Using the same quail dataset as in our previous studies [17, 18], the aim of the current study 

was to analyze the impact of host genetics on composition of the ileum microbiota and the 

relationship of ileal bacterial genera with PU and related traits, i.e. body weight gain (BWG), 

feed intake (FI) and feed per gain (F:G). For this purpose, we estimated heritabilities of the 

relative abundance of bacterial genera, and the correlations and recursive relationships 

between the relative abundance of the bacterial genera and these four traits, and performed 

QTL linkage mapping for the relative abundance of bacterial genera. Subsequently, the 
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hologenomic selection approach developed by Weishaar et al. [21] was applied to assess the 

feasibility of breeding for improved PU based on the host genome and the heritable part of the 

composition of the ileum microbiota. 

Methods 

Experimental design 

Details of the experimental design are in Beck et al. [15] and, thus, only the most relevant 

aspects are presented in the following. This animal experiment was performed according to 

the requirements of the German Animal Welfare Legislation and was approved by the Animal 

Welfare Commissioner of the University of Hohenheim (approval number S371/13TE). An F2 

population of Japanese quail (Coturnix japonica) was established based on two divergent lines 

selected for social reinstatement behavior [22]. Twelve males and 12 females from each 

founder line were mated to generate the F1 generation. Seventeen roosters and 34 hens from 

the F1 generation were randomly selected and mated (one male with two females), resulting 

in 920 F2 individuals. These F2 birds were phenotyped between 10 and 15 days of age, while 

the birds were provided with a corn-soybean meal-based diet without mineral P or phytase 

supplements. A diet with an overall low P content was chosen to evaluate the PU potential of 

the quails. 

Sample collection, SNP genotyping, and characterization of the ileum microbiota 

The focal trait of this experiment was PU, which was calculated based on total P intake and P 

excretion, as well as based on FI during the experimental period. Quail BWG was quantified 

as the difference in body weight between days 10 and 15. The F:G ratio was computed as the 

FI during this 5-day period divided by the BWG. The quails were slaughtered at 15 days of age 

to collect ileum samples for further analysis. The birds were incubated and slaughtered on 12 

different days, which were treated as test days in the statistical analysis. Estimates of the 

phenotypic and genetic correlations between the four recorded traits are in Beck et al. [15] and 

Künzel et al. [23]. 

DNA preparation, 4k SNP genotyping, and construction of a genome-wide linkage map are 

described in detail by Vollmar et al. [18]. In brief, all birds were genotyped for 5388 SNPs and 

the following criteria were applied to filter the genotypes: SNPs with one or more conflicting 

genotypes between parent and offspring, a minor allele frequency (MAF) ≤ 0.03, a SNP call 

frequency ≤ 0.9, and a cluster separation ≤ 0.4 were removed. We also excluded SNPs on the 

sex chromosomes Z and W. Finally, 3986 SNPs remained for further analysis. 

Analyses of the composition of the ileum microbiota were performed by targeted amplicon 

sequencing, as described in Borda-Molina et al. [16]. Sequences were clustered into OTU at 

> 97% similarity. In total, 1188 OTU with an average relative abundance higher than 0.0001% 
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and a sequence length greater than 250 bp were used in further analyses. Representative 

sequences were manually identified with the seqmatch function of the RDP database [24]. The 

output taxonomy table followed the confidence threshold cut-off value for each taxonomic level 

as defined by Yarza et al. [25]: genus (94.5%), family (86.5%), order (82.0%), class (78.5%) 

and phylum (75.0%) [25]. Due to the use of a strict quality filter on the sequences, several 

samples were excluded. The final dataset included data on 758 quails with SNP genotypes, 

microbiota composition characteristics, and trait records (PU, FI, BWG, and F:G). 

Statistical analyses 

Transformation of microbial data 

We used two microbial classifications for the statistical analyses, i.e., microbial genus and 

OTU. The latter was used to build the microbial relationship matrix 𝐌 (see below). Genera data 

were filtered for a minimum of 0.01% of the average relative abundance of each genus. This 

filtering step reduced the number of genera from 200 to 59. Because the distribution of the 

relative abundance of each microbial genus deviated remarkably from a Gaussian distribution, 

we applied a Box–Cox transformation with a specific lambda for each genus. The lambda was 

determined by a grid search to maximize the likelihood function of a normal distribution, 

following Box and Cox [26]: 

𝑓(𝐲) = { 𝐲𝜆−1𝜆  (𝜆 ≠ 0)𝑙𝑜𝑔 𝐲 (𝜆 = 0), 

where 𝐲 is a vector of the relative abundances of each microbial genus to be transformed, and 𝜆 is the transformation parameter determined for each genus, which ranged from -2 to 0.505. 

Mixed linear models for microbial composition 

The following statistical analyses using a mixed linear model were performed in R Studio 

(Version 3.5.3) [27], ASReml R (Version 3.0) [28], and ASReml 4.1 [29]: 𝐲 =  𝜇 𝟏 + 𝐙𝐭𝐝𝐭𝐝 + 𝐙𝐚𝐚 + 𝐞,        (1) 

where 𝐲 is a vector of the transformed relative abundances of each genus, 𝜇 is the trait mean, 

and 𝟏 is a vector of 1s; 𝐭𝐝  is a vector of the random test day effects, assumed to follow a 

normal distribution 𝐭𝐝 ~ 𝑁(0, 𝐈𝜎𝑡𝑑2 ), where 𝜎𝑡𝑑2  is the variance, 𝐈 is the identity matrix, and 𝐙𝐭𝐝 is 

the design matrix; 𝐚 is a vector of the random animal effects, assumed to follow a normal 

distribution 𝐚 ~ 𝑁(0, 𝐀𝜎𝑎2) , where 𝐀  is the pedigree-based relationship matrix and 𝜎𝑎2  the 

additive genetic variance, and 𝐙𝐚 is the design matrix. We chose to use pedigree instead of 

SNP genotypes here, because of the limited number of SNPs in the study. Finally, 𝐞 is a vector 

of random residuals, assumed to follow a normal distribution 𝐞 ~ 𝑁(0, 𝐈𝜎𝑒2), where 𝜎𝑒2 is the 

variance. 
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Using this mixed linear model, heritability (ℎ𝑦2) of each microbial genus was estimated as ℎ𝑦2 = 𝜎𝑎2 𝜎𝑝2 , with 𝜎𝑝2 = 𝜎𝑎2 +  𝜎𝑡𝑑2 +  𝜎𝑒2 . Significance of the heritabilities was tested by conducting a 

likelihood ratio test on the random animal effects. The test statistic was computed as 𝐷 =2[𝑙𝑜𝑔(𝐿2) − 𝑙𝑜𝑔( 𝐿1)], where 𝐿2 is the likelihood of the full Model (1) and 𝐿1 that of Model (1) 

without random animal effects, and is distributed as a chi-square with one degree of freedom 

under the null hypothesis of zero heritability. All microbial genus heritabilities with a nominal p 

value ≤ 0.05 were used for further analyses. To estimate the number of false positives among 

the significant heritabilities, we calculated the false discovery rate (FDR) q value [30], 

assuming 59 comparisons. The FDR q value of the significant heritability with the largest p 

value provided an estimate of the proportion of false positives among the significant 

heritabilities of the microbial genera. 

Bivariate analyses of microbial composition with host traits using structural equation 

models 

We estimated the phenotypic correlations as Pearson correlations between each significant 

heritable genus (p ≤ 0.05) and each of the four host traits (PU, FI, BWG, and F:G) using the 

function cor.test() in R [27]. Subsequently, bivariate SEM were applied to trait-genus 

combinations with a significant phenotypic correlation (p ≤ 0.05) in order to estimate phenotypic 

(𝑟𝑝) and genetic correlations (𝑟𝑔) and to reveal the biological link between heritable microbiota 

and host traits. Of the four host traits, only FI is assumed to affect microbiota compositions, 

e.g. by the rate of food passage in the gastrointestinal tract. However, for the sake of simplicity, 

a recursive relationship between the heritable microbial genera and each of the four traits was 

assumed. The following bivariate recursive mixed linear model was applied, using the notation 

of Rosa et al. [31]: 𝐲 = (𝚲 ⊗ 𝐈𝐧)𝐲 + 𝐙𝐭𝐝𝐭𝐝 + 𝐙𝐚𝐚 + 𝐞,       (2) 

where 𝐲 is the vector of the phenotypic records of the two analyzed traits for the 𝑛 individuals 

in the identity matrix 𝐈𝐧. The off-diagonal 2x2 matrix 𝚲 contains the structural coefficients 𝜆𝑖,𝑗, 

which express the rate of change of trait 𝑖 (PU, FI, BWG or F:G) as a result of the recursive 

influence of trait 𝑗, i.e., the relative abundance of the microbial genera in the ileum: 

𝚲 = [ 0 0𝜆𝑖,𝑗 0]. 

The remaining terms are as defined in Model (1). The joint distribution of 𝐭𝐝, 𝐚, and 𝐞 was as 

follows: 
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[𝐭𝐝𝐚𝐞 ] ~𝑁 { [000] , [𝐓 ⊗ 𝐈𝐦 0 00 𝐆 ⊗ 𝐀 00 0 𝐑 ⊗ 𝐈𝐧]},      (3) 

where 𝐓 , 𝐆 , and 𝐑  are the test day, additive-genetic, and residual variance-covariance 

matrices of the system of equations [19]. Identity matrices 𝐈𝐦 and 𝐈𝐧 have dimensions equal to 

the number of test days (𝑚) and the number of individuals (𝑛), respectively. Matrix 𝐀 is the 

numerator relationship matrix, and ⊗ is the Kronecker product. In Model (3), we assumed a 

diagonal residual covariance matrix to ensure the identifiability [31]. The following 

transformations were applied to obtain genetic parameters that correspond to those of mixed 

linear models without recursive effects [19, 31, 32]: 𝐓∗ = (𝐈 − 𝚲)−1𝐓(𝐈 − 𝚲)′−1𝐆∗ = (𝐈 − 𝚲)−1𝐆(𝐈 − 𝚲)′−1𝐑∗ = (𝐈 − 𝚲)−1𝐑(𝐈 − 𝚲)′−1𝐏∗ = 𝐓∗ + 𝐆∗ + 𝐑∗               .        (4) 

Phenotypic and genetic correlations were estimated based on these matrices (𝐓∗, 𝐆∗, 𝐑∗) using 

standard notations. Standard errors were estimated using the method described by Beck et al. 

[15]. Note that it would be possible to estimate genetic parameters from the 𝐓 , 𝐆  and 𝐑 

matrices, which can be interpreted as ‘system parameters’ [19] that control the ‘system’ of the 

traits. Comparison of estimates of genetic parameters based on 𝐆 versus 𝐆∗ would also shed 

light on the nature of the genetic correlation, i.e. the extent to which it is driven by pleiotropy 

or by indirect effects. However, since this would result in many additional parameters with large 

standard errors due to the limited sample size, estimates based on the 𝐓, 𝐆 and 𝐑 matrices 

are not shown. 

QTL linkage analyses of microbial genera 

For QTL mapping, we used the R package R/qtl2 [33], which was originally set up for inbred 

crosses. Because the founders in our study were not inbred, this assumption was not fulfilled. 

Therefore, we calculated the QTL genotype probabilities for each F2 individual and each 

chromosomal position using the R package MAPfastR [34], which was developed for outbred 

line crosses, which were then transferred to R/qtl2. Genome scans were performed using 

regression of the phenotypes on two QTL genotype probability-derived regression variables, 

representing the QTL additive and dominant effects [33]. The software did not allow the 

inclusion of random nuisance effects, other than a residual, or classification effects. Therefore, 

the effects of test days were included as dummy covariates in the model. The resulting 

logarithm of the odds (LOD) scores per cM were used as test statistics. To address the problem 

of multiple testing, a permutation test (10,000 permutations) was applied to derive 5 and 10% 

genome-wide significance thresholds for each microbial genus. Support intervals (SI) for QTL 
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position were determined by using the 1.5 LOD drop-off method, which corresponds 

approximately to a 95% confidence interval [35]. 

Within the SI for each identified QTL, all markers were evaluated for trait association using the 

single-marker association mapping approach implemented in the software package GCTA 

[36]. The model regressed the phenotypes on the number of copies of the 1-allele at the SNP 

(i.e. 0, 1, or 2 copies) and included test days as dummy covariates and the random animal 

genetic effect with a SNP-derived covariance matrix, as implemented in the software using the 

LOCO option. No correction for multiple testing was performed during the association analysis 

within the SI because the number of SNPs within a SI was usually small, reducing the problem 

of multiple testing in genome-wide association analysis. 

Genomic and microbial trait predictions 

To evaluate the hologenomic selection index proposed by Weishaar et al. [21], we first applied 

a microbial linear mixed model to each quantitative trait as follows [17]: 𝐲 =  μ𝟏 + 𝐙𝐭𝐝𝐭𝐝 + 𝐈𝐤 + 𝐞,        (5) 

where 𝐲 is the vector of observations of one of the four performance traits (PU, FI, BWG, or 

F:G) for 𝑛 animals and 𝐤 is the vector of the random microbiota effects of all animals, assumed 

to be distributed as 𝐤 ~ 𝑁(0, 𝐌𝜎𝑘2), where 𝜎𝑘2 is the microbial variance and 𝐌 is the microbial 

relationship matrix calculated as described in Camarinha-Silva et al. [10]. The remaining terms 

are as defined in Model (1). 

Estimates of the microbial animal effects �̂� for each trait from Model (5) were then used as 

observations in the following genomic prediction model, as proposed by Weishaar et al. [21]: �̂� = 𝜇𝟏 + 𝐈𝐦 + 𝐞,         (6) 

where 𝜇  is the overall mean, 𝐦 is the vector of random animal genetic effects, assumed 

distributed 𝐦 ~ 𝑁(0, 𝐆𝜎𝑚2 ), where 𝐆 is the genomic covariance matrix, estimated using the 4k 

SNP genotypes following method 1 of VanRaden [37] and 𝜎𝑚2  is the genomic variance of the 

estimated microbiota effects; and 𝐞 is the vector of residuals with variance 𝜎𝑒2. Heritability of 

the microbiota-mediated trait �̂� was calculated as ℎ𝑘2 =  𝜎𝑚2  𝜎𝑚2  + 𝜎𝑒2. Significance tests for estimates 

of heritability were performed by likelihood ratio tests. 

Three types of predictions were performed and evaluated using cross-validation, two genomic 

predictions and on microbial prediction. Model (1) was used to obtain genomic best linear 

unbiased predictions (GBLUP), but with the 𝐀 matrix replaced by the 𝐆 matrix. Model (5) was 

used to obtain microbial (M)BLUP [10]. For GBLUP of the microbiota-mediated part of the trait, 
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Model (5) was used to obtain estimates of the random microbiota effects of the animals for 

each of the four traits, which were subsequently used as observations in Model (6). 

Microbial and genomic predictions were evaluated using cross-validation with 500 repetitions, 

with variance components fixed at their estimated values. For each repetition, a reference 

population of 80% of the animals was randomly selected to estimate the effects of OTU and/or 

SNPs. The remaining 20% of animals were used as the validation population for prediction of 

animal effects. The average Pearson correlation between the predicted animal effects and the 

observed animal phenotypes across replications were used as the accuracy of prediction, with 

confidence intervals calculated from the 2.5 and 97.5% quantiles of the 500 correlations. 

Results 

Heritabilities, correlations, and structural coefficients 

Among the 59 bacterial genera examined, 24 had a significant estimate of heritability (p ≤ 0.05) 

(Table 1), with estimates ranging from 0.04 to 0.17. The highest estimates were for Clostridium 

sensu stricto, Lactobacillus and Bifidobacterium, at 0.17, 0.12 and 0.10, respectively. All but 

one of the heritable genera belonged to the Firmicutes and Actinobacteria phyla. The average 

relative abundance of the heritable genera ranged from 0.01 to 24.33%. 

Table 2 shows estimates of genetic (𝑟𝑔)  and phenotypic (𝑟𝑝) correlations and of the structural 

coefficients 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠 , 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 , 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠  and 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠 between the microbial genera and 

each of the four traits, for all genera with a significant Pearson correlation (p ≤ 0.05) and a 

significant structural coefficient (p ≤ 0.05) between the genera and each of the four traits. 

Genetic correlations estimates between the considered genera and the four phenotypes had 

large standard errors due to the limited number of animals and ranged from -0.19 

(Enterococcus) to 0.52 (Lactococcus) for PU, from -0.03 (Microbacterium) to 0.47 

(Leuconostoc) for FI, from -0.69 (Enterococcus) to 0.48 (Lactococcus) for BWG, and from -

0.38 (Lactococcus) to 0.54 (Enterococcus) for F:G. Ranges for estimates of phenotypic 

correlations were narrower, from -0.09 (Streptococcus) to 0.14 (Bacillus) for PU, from 0.17 

(Microbacterium) to 0.31 (Leuconostoc) for FI, from -0.16 (Macrococcus) to 0.25 (Leuconostoc) 

for BWG, and from -0.38 (Lactococcus) to 0.17 (Enterococcus) for F:G. Estimates of the 

standardized recursive effects, 𝜆𝑖,𝐺𝑒𝑛𝑢𝑠 , ranged from -0.039 ( 𝜆𝑃𝑈,𝐸𝑛𝑡𝑒𝑟𝑜𝑐𝑜𝑐𝑐𝑢𝑠 ) to 0.081 

(𝜆𝑃𝑈,𝐵𝑎𝑐𝑖𝑙𝑙𝑢𝑠) for PU, from 0.028 (𝜆𝐹𝐼,𝑀𝑖𝑐𝑟𝑜𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑢𝑚) to 0.095 (𝜆𝐹𝐼,𝐵𝑎𝑐𝑖𝑙𝑙𝑢𝑠) for FI, from -0.056 

(𝜆𝐵𝑊𝐺,𝑆𝑡𝑟𝑒𝑝𝑡𝑜𝑐𝑜𝑐𝑐𝑢𝑠) to 0.102 (𝜆𝐵𝑊𝐺,𝐵𝑎𝑐𝑖𝑙𝑙𝑢𝑠) for BWG, and from -0.064 (𝜆𝐹:𝐺,𝐿𝑎𝑐𝑡𝑜𝑐𝑜𝑐𝑐𝑢𝑠) to 0.058 

(𝜆𝐹:𝐺,𝐸𝑛𝑡𝑒𝑟𝑜𝑐𝑜𝑐𝑐𝑢𝑠/ 𝜆𝐹:𝐺,𝑆𝑡𝑎𝑝ℎ𝑦𝑙𝑜𝑐𝑜𝑐𝑐𝑢𝑠) for F:G. The complete information for all heritable genera 

is in Additional file 1: Table S1, Additional file 2: Table S2, Additional file 3: Table S3, and 

Additional file 4: Table S4. 
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Table 1 Bacterial genera with significant heritability estimates (p ≤ 0.05). 

SE standard errors 

  

Phylum Genus Average relative 
abundance (%) 

Heritability SE p value False 
discovery 
rate 

Actinobacteria Bifidobacterium 0.48 0.10 0.05 < 0.001 < 0.001  
Firmicutes Clostridium sensu stricto 14.11 0.17 0.07 < 0.001 < 0.001  
Firmicutes Lactobacillus 24.33 0.12 0.05 < 0.001 < 0.001  
Firmicutes Macrococcus 0.23 0.06 0.03 < 0.001 0.002  
Proteobacteria Escherichia/Shigella 14.17 0.09 0.05 0.001 0.008  
Actinobacteria Cutibacterium 0.06 0.08 0.04 0.002 0.019  
Firmicutes Aerococcus 0.47 0.08 0.04 0.003 0.025  
Firmicutes Bacillus 0.08 0.06 0.03 0.006 0.042  
Firmicutes Staphylococcus 0.31 0.05 0.03 0.006 0.042  
Firmicutes Tyzzerella  0.08 0.07 0.04 0.007 0.042  
Firmicutes Unc. Lachnospiraceae 0.38 0.06 0.03 0.010 0.051  
Firmicutes Enterococcus 3.75 0.06 0.04 0.011 0.055  
Actinobacteria Corynebacterium  0.47 0.06 0.04 0.012 0.055  
Actinobacteria Curtobacterium 0.01 0.06 0.04 0.014 0.058  
Firmicutes Streptococcus 8.25 0.08 0.05 0.022 0.088  
Actinobacteria Microbacterium 0.02 0.05 0.03 0.026 0.094  
Firmicutes Sellimonas 0.03 0.05 0.03 0.028 0.094  
Firmicutes Leuconostoc 0.12 0.04 0.03 0.029 0.094  
Firmicutes Ruminococcus 2 0.28 0.05 0.03 0.030 0.094  
Firmicutes Anaerofilum 0.02 0.04 0.03 0.040 0.108  
Firmicutes Anaerostipes 0.06 0.04 0.03 0.040 0.108  
Firmicutes Lactococcus 0.14 0.04 0.03 0.040 0.108  
Actinobacteria Corynebacterium 0.15 0.05 0.04 0.043 0.109  
Firmicutes Subdoligranulum 0.07 0.05 0.03 0.049 0.121  
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Table 2 Estimates of genetic (𝒓𝒈) and phenotypic (𝒓𝒑) correlations and of regression 

coefficients 𝝀𝒊,𝑮𝒆𝒏𝒖𝒔 between the considered genera and each of the four traits. 

SE standard errors 

a All genera with a significant heritability (p ≤ 0.05), significant Pearson correlation (p ≤ 0.05) and 
significant structural coefficient (p ≤ 0.05) between the genus and the considered trait 

b in units 𝜎𝑝  

QTL mapping results 

The QTL linkage mapping results are presented as genome scan plots for each heritable 

microbial genus with significant QTL in Fig. 1. For clarity, only the first 23 Coturnix japonica 

chromosomes (CJA) are shown within the plots, since no significant peaks were observed for 

the other chromosomes. As described in Vollmar et al. [18], none of the genotyped SNPs were 

located on CJA16. Six QTL with genome-wide significance thresholds of 5 and 10% were found 

across all genera (Table 3). Significant peaks were detected for the microbial genera 

Trait Genusa 𝑟𝑔 SE 𝑟𝑝 SE 𝜆𝑖,𝐺𝑒𝑛𝑢𝑠b SE 

P utilization Bacillus 0.36 0.35 0.14 0.04 0.081 0.026 

Enterococcus -0.19 0.38 -0.09 0.04 -0.039 0.016 

Escherichia/Shigella -0.07 0.35 -0.07 0.04 -0.026 0.014 

Lactococcus 0.52 0.36 0.13 0.04 0.055 0.020 

Leuconostoc 0.48 0.35 0.13 0.04 0.070 0.024 

Streptococcus -0.14 0.37 -0.09 0.04 -0.030 0.013 

Feed intake Bacillus 0.35 0.34 0.29 0.06 0.095 0.023 

Curtobacterium 0.17 0.36 0.20 0.05 0.029 0.009 

Lactococcus 0.37 0.37 0.27 0.06 0.057 0.018 

Leuconostoc 0.47 0.34 0.31 0.07 0.082 0.021 

Microbacterium -0.03 0.40 0.17 0.05 0.028 0.011 

Body weight gain Bacillus 0.35 0.39 0.23 0.05 0.102 0.025 

Curtobacterium 0.41 0.37 0.19 0.04 0.035 0.010 

Enterococcus -0.69 0.33 -0.15 0.04 -0.054 0.015 

Lactococcus 0.48 0.40 0.24 0.05 0.076 0.019 

Leuconostoc 0.47 0.39 0.25 0.05 0.097 0.023 

Macrococcus 0.15 0.37 -0.16 0.07 -0.024 0.012 

Streptococcus 0.16 0.42 -0.11 0.04 -0.056 0.013 

Feed per gain Aerococcus 0.25 0.41 0.12 0.04 0.038 0.011 

Clostridium sensu stricto 0.15 0.37 -0.11 0.04 -0.050 0.013 

Cutibacterium -0.25 0.41 0.09 0.04 0.027 0.011 

Enterococcus 0.54 0.40 0.17 0.04 0.058 0.016 

Escherichia/Shigella 0.01 0.41 -0.09 0.04 -0.035 0.014 

Lactococcus -0.38 0.43 -0.07 0.05 -0.064 0.020 

Ruminococcus 2 -0.33 0.47 0.11 0.04 0.039 0.015 

Sellimonas -0.27 0.48 0.10 0.04 0.014 0.006 

Staphylococcus -0.13 0.43 0.14 0.04 0.058 0.020 

Streptococcus 0.32 0.43 0.12 0.04 0.038 0.013 
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Aerococcus on CJA3, for Bacillus on CJA2, for Cutibacterium on CJA2, for 

Escherichia/Shigella on CJA24, for Ruminococcus 2 on CJA3, and for Streptococcus on CJA5. 

 

Figure 1 Plots of the QTL linkage mapping scan of heritable genera with significant QTL. QTL 

linkage mapping scan plots of heritable genera (p value ≤ 0.05) with significant QTL. The LOD 

score is the test statistic, and the red and green lines correspond to genome-wide significance 

levels of 5 and 10%, respectively. 

Results of the SNP-based association analyses for SNPs within the SI regions of the six 

identified QTL are in Table 3. Significant SNPs were found for each SI region, for a total of 103 

significant SNPs, as listed in Additional file 5: Table S5. Due to overlapping SI, significant SNPs 

were shared between Bacillus and Cutibacterium on CJA2 and between Aerococcus and 

Ruminococcus 2 on CJA3 (see Additional file 5: Table S5). 
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Table 3 Results of the QTL linkage mapping. 

Trait CJA Pos (cM) LOD 

Support interval borders 
(cM) 

Number of 
significant 

SNPs Low High 

Aerococcus 3 12 4.00** 0 19 16 

Bacillus 2 160 4.14** 147 164 24 

Cutibacterium 2 171 3.83 * 147 178 34 

Escherichia/Shigella 24 0 4.31** 0 8 2 

Ruminococcus 2 3 2 3.74 * 0 10 10 

Streptococcus 5 50 3.78 * 44 57 17 

Pos: positions in cM of 5% (**) and 10% (*) genome-wide significant QTL on Coturnix japonica 
chromosomes (CJA), with LOD score test statistics (LOD) and the corresponding QTL support intervals 
(SI), in cM. SI_low and SI_high represent the beginning and the end of the SI, respectively, and 
significant SNPs (p ≤ 0.05) are obtained from the SNP-trait association analysis. The corresponding 
genetic linkage map can be found in Vollmar et al. [18] 

Genomic and microbial trait predictions 

Estimates of heritability for the animal microbiota effects for the four traits based on Model (6) 

were 0.07 (SE = 0.04, p value = 0.020) for PU, 0.14 (SE = 0.05, p value ≤ 0.001) for FI, 0.06 

(SE = 0.04, p value = 0.020) for BWG, and 0.03 (SE = 0.03, p value = 0.267) for F:G. For all 

traits, except F:G, the estimate of heritability of animal microbiota effects was significant (p ≤ 

0.05). The results of the cross-validation of microbial and genomic predictions are in Table 4. 

Genomic predictions, �̂�, and genomic predictions of the microbiota-mediated part of the traits, �̂� , had similar correlations with the trait phenotypes. Average correlations between the 

microbial predictions, �̂�, and the trait phenotypes were slightly higher than GBLUP accuracies 

for PU and FI, and markedly higher for BWG and F:G. 

Table 4 Mean accuracy and confidence interval (CI) of the genomic and microbial trait 

predictions. 

Estimated accuracy of the MBLUP and GBLUP of the trait observations and GBLUP of the microbiota-
mediated part of the trait observations 

PU P utilization, FI feed intake, BWG body weight gain, F:G feed per gain 

Discussion 

In previous studies, we investigated the impact of host genetics [15, 18, 23] and of the 

composition of the ileum microbiota [16, 17] on PU and related traits in Japanese quail. To 

complement these studies, here we modeled the microbiota composition as a host trait and 

Trait MBLUP  GBLUP  Microbiota-mediated GBLUP 
Accuracy 95% CI  Accuracy 95% CI  Accuracy 95% CI 

PU 0.22 0.09:0.35  0.18 0.05:0.32  0.16 0.01:0.31 
FI 0.31 0.17:0.43  0.24 0.10:0.35  0.22 0.07:0.38 
BWG 0.34 0.20:0.46  0.13 -0.01:0.25  0.14 -0.03:0.29 
F:G 0.31 0.10:0.47  0.10 -0.05:0.23  0.07 -0.07:0.23 
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investigated how the microbiota composition and the host genome can predict the four host 

phenotypic traits considered in this study. 

It is well known that gut microbial colonization is determined by the environmental and genetic 

background of animals. External factors, such as diet, husbandry, photoperiod, and litter can 

overlay or mask the effects of host genetics [38–41]. To reduce external influences on gut 

microbiota and to ensure comparability of animals, standardized housing and management 

conditions were used for all animals in this study. The microbiota composition DNA samples 

used in this study originated from an experiment that took place several years ago [15], and at 

that time, the importance of having control samples of feed, water, litter, DNA extraction, etc. 

was underestimated. 

A large fraction of the bacterial genera showed a significant estimate of heritability of their 

relative abundance (Table 1). The three genera with the highest heritability estimates were 

Clostridium sensu stricto (0.17), Lactobacillus (0.12), and Bifidobacterium (0.10). These 

heritability estimates are lower than those calculated by Camarinha-Silva et al. [10] and Estellé 

et al. [42] for ileal bacterial genera in pigs and by Org et al. [43] in mice, but a solid comparison 

across species is questionable. Mignon-Grasteau et al. [13] estimated moderate heritabilities 

for relative abundance of members of the genera Lactobacillus and Clostridium in the ceca of 

chickens. 

To examine the relationship between the quantitative traits and composition of the ileal 

microbiota, we applied SEM, which separate the direct and indirect genetic relationships 

between the considered traits [44]. Direct genetic effects are due to pleiotropic QTL or linkage 

disequilibrium between QTL [44]. In the present study, indirect genetic effects were due to the 

recursive effect of bacterial genera on the host phenotype traits. The selected equation models 

were modeled in a simplified way and no competing models were compared, in part because 

the size of the dataset was too limited to do this in a thorough manner. It has to be 

acknowledged that the assumption that the microbiota affects host phenotype traits is 

questionable, especially for FI, and, therefore, these results have to be interpreted with some 

caution. Interactions between microbiota and quantitative traits by using structural equation 

modeling have rarely been studied, except by Saborío-Montero et al. [8] for methane emission 

in cattle and by Tiezzi et al. [20] for fat deposition in pigs. Nonzero estimates for 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠, 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠, 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠, and 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠 (Table 2) indicate that there is a functional link between the 

four traits and some microbial genera, and the small standard errors confirm the correct 

directional assumption of the recursive relationship between the bacterial genera and the 

performance traits. 
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The main genera that were found to be involved in the recursive relationships with the host 

traits were Bacillus, Lactococcus and Leuconostoc, albeit with weak signals. Negative 

recursive interactions with PU were shown for the three genera Enterococcus, 

Escherichia/Shigella and Streptococcus, and positive recursive interactions were shown 

between these three same genera and F:G (Table 2). A negative interaction between 

Enterococcus and BWG was also found and a joint positive recursive effect was identified for 

Curtobacterium with both FI and BWG. For F:G, the negative interaction with 

Escherichia/Shigella and Lactococcus is worth mentioning, as well as the positive interaction 

with Enterococcus, and Streptococcus (Table 2). Our results are in agreement with those of 

Vollmar et al. [17], who reported an association of Bacillus and Leuconostoc with PU using a 

MWAS, and also with those of Borda-Molina et al. [16], who confirmed a positive phenotypic 

association of the relative abundance of Bacillus and Leuconostoc in the ileum with PU. Lactic 

acid bacteria are known to be phytase degraders and some species of the genus Bacillus 

showed extracellular phytase activity that might improve PU efficiency [45, 46]. 

The phenotypic correlations between the bacterial genera and each of the four performance 

traits were within a low to medium range (Table 2). Because of the limited number of animals 

in our study, estimates of genetic correlations (Table 2) had large standard errors and they 

should be viewed as a supplement to the main results of our study. 

To date, only a few QTL studies have been conducted in quail [18, 47–49], with QTL mapped 

for different behavioral and performance traits. However, several authors have investigated 

host QTL for microbial colonization of the GIT in other species. For instance, Mignon-Grasteau 

et al. [13] performed QTL analyses of microbial genera in the ceca of chickens. In our study, 

six significant host QTL for microbial composition in quail were detected (Fig. 1). One of these 

significant QTL was for Bacillus, on CJA2. Relative abundance of Bacillus was most highly 

correlated and showed the highest recursive relationships with PU, FI, and BWG. Interestingly, 

the SI of a previously identified QTL for growth rate on this chromosome [48] overlaps with the 

SI of the QTL on CJA2 for Bacillus. Similarly, Essa et al. [50] identified a QTL for BWG on 

chicken chromosome 2. The SI for the QTL on CJA2 for Bacillus also overlapped with that of 

the QTL for Cutibacterium (Table 3) and several common significant SNPs were detected (see 

Additional file 5: Table S5). The SI of the QTL identified for Aerococcus on CJA3 overlapped 

with that of Ruminococcus 2, and several common SNPs were also detected for this 

overlapping region. On CJA5, the SI of a QTL for Streptococcus overlapped with the SI for 

QTL for FI and foot ash reported in Vollmar et al. [18]. 

All microbial genera for which significant QTL were mapped were also significantly correlated 

or significantly linked via recursive interaction with at least one of the host traits, as described 
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above. Thus, it can be assumed that the QTL detected on CJA2 for Bacillus directly influences 

the microbial colonization of the ileum with Bacillus and indirectly influences PU, FI, and BWG. 

The use of SEM for QTL mapping may also be of interest for future studies [51]. 

Several studies have revealed possible mechanisms for the positive or negative effects of 

bacterial genera on quantitative traits. Among the bacterial genera with the highest effects on 

the four traits analyzed here, the genus Bacillus was most important. It is used as a probiotic 

in chickens and improves performance traits [52, 53], positively affects the immune system 

[54–56], increases digestive enzyme activity [55–57], and synthesizes phytases [58]. A 

previous study has reported that some strains of Leuconostoc have weak enzymatic activities, 

including the formation of acid phosphatase [59]. In addition, an immunomodulatory activity 

due to induced cytokine production has been reported in chicken [60]. Some subspecies of 

Lactococcus supplied in the diet of broilers have resulted in a lower F:G, increased body 

weight, and reduced mortality, with positive effects on the immune system [61, 62] and carcass 

quality [63]. As noted above, relative abundance of the genus Enterococcus has a negative 

impact on PU, FI and BWG. In humans, some members of this genus are considered to be 

opportunistic pathogens due to their antibiotic resistance [64, 65]. In chickens, these bacteria 

can lead to increased one-day mortality [66], and the formation of toxic metabolites by bacterial 

metabolization of protein has also been reported [67]. Relative abundance of the genera 

Staphylococcus and Streptococcus also negatively influenced the traits analyzed here, and 

have been shown to cause different diseases and affect poultry health with, depending on the 

bacterial species, several clinical observations that range from drowsiness and poor feed 

intake to increased mortality (reviewed in [68]). 

Results from the microbial and genomic predictions (Table 4) confirmed the strong impact of 

the host genome and microbiota composition on the analyzed host traits. The two-step 

procedure proposed by Weishaar et al. [21] to estimate breeding values for the microbiota-

mediated part of a trait was also successful in our study, in particular for PU and FI. The GBLUP 

accuracy for the microbiota-mediated part of the host phenotype was only slightly lower than 

the prediction accuracy of the conventional GBLUP. One explanation for this results might be 

that the genetic effect of the host on the trait mediated by the microbiota is much stronger than 

the direct genetic effect of the host. To substantiate this hypothesis, we fitted Model (1) with 

an additional random animal effect with the microbiota-based covariance matrix 𝐌 for PU. 

Compared to a model with only the microbiota effect, the estimate of microbiability for PU 

remained at almost the same level (0.15) but the estimate of heritability dropped from 0.12 to 

0.07 (results not shown). A similar pattern was observed by Difford et al. [9] in a study on dairy 

cattle rumen microbiota composition and methane production. This clearly shows that fitting 

both random effects simultaneous is beneficial but that assuming a zero covariance between 
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the two random effects is too simplistic. How to model both effects simultaneously and how to 

interpret the results from such models biologically is an ongoing research topic [69–71] but this 

is outside the scope of our study. 

Conclusions 

We detected a significant genetic effect of the host on composition of the ileum microbiota in 

quail. Among the 59 bacterial genera, 24 showed a significant heritability of their relative 

abundance. The estimated correlations of the bacterial genera with the four host traits 

analyzed (PU, FI, BWG, and F:G) and the calculated recursive effects from the SEM confirmed 

the recursive relationship between the relative abundance of individual bacterial genera and 

these traits. Several significant QTL were identified for microbiota composition, which were 

supported by trait-associated SNPs (associated with PU, FI, BWG, or F:G). The application of 

microbial and genomic mixed linear models allowed accurate prediction of PU and the related 

traits. In particular, applying these models made it possible to predict the microbiota-mediated 

part of the traits, demonstrating the feasibility of hologenomic selection. 
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Additional file 1: Table S1. Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression 

coefficients 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠. Correlations and regression coefficients between PU and Genus with 

significant heritability (p ≤ 0.05) The standard errors (SE) presented in parentheses and 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1P utilization – Genus with significant heritability (p ≤ 0.05). 

Additional file 2: Table S2. Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression 

coefficients 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 . Correlations and regression coefficients between FI and Genus with 

significant heritability (p ≤ 0.05) The standard errors (SE) presented in parentheses and 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1Feed intake – Genus with significant heritability (p ≤ 0.05). 

Additional file 3: Table S3. Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression 

coefficients 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠. Correlations and regression coefficients between BWG and Genus 

with significant heritability (p ≤ 0.05) The standard errors (SE) presented in parentheses and 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1Body weight gain – Genus with significant heritability (p ≤ 0.05). 

Additional file 4: Table S4. Correlations and regression coefficients between F:G and Genus 

with significant heritability (p ≤ 0.05) The standard errors (SE) presented in parentheses and 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1Feed per gain – Genus with significant heritability (p ≤ 0.05). 

Additional file 5: Table S5. Trait-associated markers from GCTA within the significant QTL 

regions. Summary of the trait-associated markers from GCTA (p ≤ 0.05) within the significant 

QTL regions. In addition, all markers that are significantly associated with another 

characteristic are listed in the last column. 1in cM. 
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Additional file 1: Table S1 Correlations and regression coefficients between PU and 

Genera with significant heritability. 

Traits1 𝑟𝑔 (SE) 𝑟𝑝 (SE) 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠 (SE) 

PU - Aerococcus -0.628 (0.307) -0.021 (0.039) 0.019 (0.011) 

PU - Anaerostipes 0.312 (0.397) 0.075 (0.040) 0.008 (0.005) 

PU - Bacillus 0.357 (0.349) 0.141 (0.040) 0.081 (0.026) 

PU - Bifidobacterium 0.191 (0.320) -0.002 (0.042) -0.003 (0.017) 

PU - Clostridium sensu stricto -0.283 (0.315) -0.025 (0.040) 0.009 (0.013) 

PU - Corynebacterium -0.660 (0.389) 0.003 (0.039) 0.021 (0.010) 

PU - Corynebacterium  -0.490 (0.357) -0.012 (0.041) 0.023 (0.014) 

PU - Curtobacterium 0.188 (0.382) 0.074 (0.038) 0.017 (0.010) 

PU - Cutibacterium 0.222 (0.356) -0.001 (0.040) -0.006 (0.011) 

PU - Enterococcus -0.192 (0.380) -0.085 (0.038) -0.039 (0.016) 

PU - Escherichia/Shigella -0.065 (0.347) -0.065 (0.040) -0.026 (0.014) 

PU - Lactobacillus 0.112 (0.329) -0.038 (0.047) -0.009 (0.010) 

PU - Lactococcus 0.523 (0.355) 0.129 (0.041) 0.055 (0.020) 

PU - Leuconostoc 0.480 (0.349) 0.134 (0.042) 0.070 (0.024) 

PU - Macrococcus -0.130 (0.336) -0.006 (0.053) 0.021 (0.012) 

PU - Microbacterium -0.022 (0.401) 0.042 (0.039) 0.018 (0.012) 

PU - Ruminococcus 2 0.462 (0.359) 0.027 (0.040) 0.007 (0.015) 

PU - Sellimonas 0.416 (0.368) 0.056 (0.039) 0.005 (0.006) 

PU - Staphylococcus 0.839 (0.264) 0.019 (0.045) -0.029 (0.020) 

PU - Streptococcus -0.143 (0.366) -0.086 (0.038) -0.030 (0.013) 

PU - Subdoligranulum 0.534 (0.354) 0.052 (0.039) 0.005 (0.006) 

PU - Tyzzerella  -0.384 (0.378) 0.018 (0.040) < 0.001 (< 0.001) 

PU - Unc. Lachnospiraceae 0.292 (0.364) 0.053 (0.040) 0.022 (0.014) 
Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression coefficients 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠 between PU and 

Genera with significant heritability (p ≤ 0.05). The standard errors (SE) presented in parentheses and 𝜆𝑃𝑈,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1 P utilization – Genus with significant heritability (p ≤ 0.05). 
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Additional file 2: Table S2 Correlations and regression coefficients between FI and 

Genera with significant heritability. 

Traits1 𝑟𝑔 (SE) 𝑟𝑝 (SE) 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 (SE) 

FI - Aerococcus -0.210 (0.358) -0.073 (0.048) 0.007 (0.010) 

FI - Anaerostipes 0.414 (0.394) 0.125 (0.059) 0.001 (0.004) 

FI - Bacillus 0.347 (0.340) 0.290 (0.059) 0.095 (0.023) 

FI - Bifidobacterium 0.093 (0.323) 0.138 (0.061) 0.021 (0.015) 

FI - Clostridium sensu stricto -0.205 (0.318) -0.017 (0.047) 0.028 (0.012) 

FI - Corynebacterium -0.430 (0.387) -0.052 (0.054) 0.022 (0.009) 

FI - Corynebacterium -0.258 (0.367) -0.100 (0.058) 0.013 (0.012) 

FI - Curtobacterium 0.168 (0.360) 0.195 (0.047) 0.029 (0.009) 

FI - Cutibacterium 0.053 (0.350) 0.122 (0.056) 0.015 (0.010) 

FI - Enterococcus -0.576 (0.310) -0.077 (0.041) -0.022 (0.014) 

FI - Escherichia/Shigella -0.380 (0.334) -0.061 (0.053) 0.006 (0.012) 

FI - Lactobacillus -0.097 (0.314) -0.202 (0.084) 0.001 (0.010) 

FI - Lactococcus 0.366 (0.365) 0.270 (0.064) 0.057 (0.018) 

FI - Leuconostoc 0.466 (0.338) 0.307 (0.065) 0.082 (0.021) 

FI - Macrococcus 0.291 (0.312) -0.226 (0.103) 0.003 (0.012) 

FI - Microbacterium -0.026 (0.395) 0.165 (0.051) 0.028 (0.011) 

FI - Ruminococcus 2 0.425 (0.396) 0.084 (0.054) -0.002 (0.013) 

FI - Sellimonas 0.340 (0.395) 0.119 (0.052) 0.002 (0.005) 

FI - Staphylococcus 0.563 (0.327) 0.168 (0.080) -0.020 (0.019) 

FI - Streptococcus 0.116 (0.372) -0.054 (0.043) -0.038 (0.012) 

FI - Subdoligranulum 0.369 (0.399) 0.074 (0.046) 0.004 (0.005) 

FI - Tyzzerella  -0.264 (0.376) 0.083 (0.054) < 0.001 (< 0.001) 

FI - Unc. Lachnospiraceae 0.334 (0.368) 0.112 (0.054) 0.008 (0.013) 
Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression coefficients 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 between FI and 

Genera with significant heritability (p ≤ 0.05). The standard errors (SE) presented in parentheses and 𝜆𝐹𝐼,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1 Feed intake – Genus with significant heritability (p ≤ 0.05). 
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Additional file 3: Table S3 Correlations and regression coefficients between BWG and 

Genera with significant heritability. 

Traits1 𝑟𝑔 (SE) 𝑟𝑝 (SE) 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠 (SE) 

BWG - Anaerofilum 0.202 (0.464) -0.044 (0.040) -0.009 (0.001) 

BWG - Anaerostipes 0.319 (0.472) 0.057 (0.047) < 0.001 (0.005) 

BWG - Bacillus 0.351 (0.392) 0.232 (0.048) 0.102 (0.025) 

BWG - Bifidobacterium 0.116 (0.364) 0.056 (0.050) -0.001 (0.017) 

BWG - Clostridium sensu stricto -0.385 (0.355) 0.044 (0.042) 0.051 (0.013) 

BWG - Corynebacterium -0.444 (0.435) -0.048 (0.045) 0.010 (0.010) 

BWG - Corynebacterium  -0.160 (0.415) -0.110 (0.047) -0.013 (0.013) 

BWG - Curtobacterium 0.413 (0.374) 0.185 (0.041) 0.035 (0.010) 

BWG - Cutibacterium 0.143 (0.394) 0.043 (0.047) -0.003 (0.011) 

BWG - Enterococcus -0.685 (0.332) -0.149 (0.038) -0.054 (0.015) 

BWG - Escherichia/Shigella -0.583 (0.379) 0.007 (0.045) 0.033 (0.013) 

BWG - Lactobacillus 0.213 (0.355) -0.092 (0.064) -0.002 (0.010) 

BWG - Lactococcus 0.479 (0.399) 0.236 (0.050) 0.076 (0.019) 

BWG - Leuconostoc 0.471 (0.392) 0.248 (0.051) 0.097 (0.023) 

BWG - Macrococcus 0.150 (0.371) -0.161 (0.072) -0.024 (0.012) 

BWG - Microbacterium 0.292 (0.427) 0.115 (0.044) 0.015 (0.012) 

BWG - Ruminococcus 2 0.455 (0.460) -0.001 (0.045) -0.021 (0.014) 

BWG - Sellimonas 0.342 (0.454) 0.033 (0.045) -0.005 (0.006) 

BWG - Staphylococcus 0.458 (0.395) 0.045 (0.062) -0.042 (0.020) 

BWG - Streptococcus 0.157 (0.416) -0.109 (0.039) -0.056 (0.013) 

BWG - Subdoligranulum 0.449 (0.471) 0.003 (0.041) -0.005 (0.005) 

BWG - Tyzzerella  -0.312 (0.414) 0.071 (0.045) < 0.001 (< 0.001) 

BWG - Unc. Lachnospiraceae 0.358 (0.426) 0.020 (0.045) -0.014 (0.014) 
Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝 and regression coefficients 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠 between BWG 

and Genera with significant heritability (p ≤ 0.05). The standard errors (SE) presented in parentheses 
and 𝜆𝐵𝑊𝐺,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1 Body weight gain – Genus with significant heritability (p ≤ 0.05). 
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Additional file 4: Table S4 Correlations and regression coefficients between F:G and Genera 

with significant heritability. 

Traits1 𝑟𝑔 SE 𝑟𝑝 SE 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠 SE 

F:G - Aerococcus 0.247 (0.408) 0.120 (0.038) 0.038 (0.011) 

F:G - Anaerofilum -0.410 (0.453) 0.043 (0.038) 0.002 (0.001) 

F:G - Bacillus -0.224 (0.424) -0.052 (0.043) -0.068 (0.026) 

F:G - Bifidobacterium -0.084 (0.379) 0.081 (0.041) 0.030 (0.017) 

F:G - Clostridium sensu stricto 0.151 (0.368) -0.107 (0.038) -0.050 (0.013) 

F:G - Corynebacterium 0.300 (0.475) 0.024 (0.039) 0.008 (0.010) 

F:G - Corynebacterium -0.018 (0.445) 0.053 (0.041) 0.033 (0.014) 

F:G - Curtobacterium -0.578 (0.370) -0.065 (0.039) -0.021 (0.010) 

F:G - Cutibacterium -0.254 (0.407) 0.089 (0.040) 0.027 (0.011) 

F:G - Enterococcus 0.539 (0.397) 0.165 (0.036) 0.058 (0.016) 

F:G - Escherichia/Shigella 0.012 (0.405) -0.086 (0.039) -0.035 (0.014) 

F:G - Lactobacillus -0.521 (0.326) -0.087 (0.047) 0.013 (0.010) 

F:G - Lactococcus -0.383 (0.431) -0.067 (0.045) -0.064 (0.020) 

F:G - Leuconostoc -0.201 (0.448) -0.054 (0.046) -0.080 (0.023) 

F:G - Macrococcus 0.246 (0.381) -0.004 (0.060) 0.047 (0.011) 

F:G - Microbacterium -0.595 (0.395) 0.001 (0.039) 0.006 (0.013) 

F:G - Ruminococcus 2 -0.334 (0.466) 0.106 (0.039) 0.039 (0.015) 

F:G - Sellimonas -0.273 (0.476) 0.102 (0.039) 0.014 (0.006) 

F:G - Staphylococcus -0.125 (0.432) 0.137 (0.043) 0.058 (0.020) 

F:G - Streptococcus 0.321 (0.425) 0.118 (0.037) 0.038 (0.013) 

F:G - Tyzzerella  0.149 (0.435) -0.011 (0.040) < 0.001 (< 0.001) 

F:G - Unc. Lachnospiraceae -0.247 (0.448) 0.099 (0.039) -0.002 (0.014) 
Genetic correlations 𝑟𝑔, phenotypic correlations 𝑟𝑝  and regression coefficients 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠  between F:G 

and Genera with significant heritability (p ≤ 0.05). The standard errors (SE) presented in parentheses 
and 𝜆𝐹:𝐺,𝐺𝑒𝑛𝑢𝑠 in units 𝜎𝑝. 1 Feed per gain – Genus with significant heritability (p ≤ 0.05). 
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Additional file 5: Table S5 Trait-associated markers from GCTA within the significant QTL 

regions. 

Trait CJA Marker ID p value Pos1 Markers matched with other traits 
Aerococcus 3 id00986 < 0.001 0.000 Ruminococcus 2 

 3 id29156 0.027 0.000  

 3 id00575 < 0.001 0.000 Ruminococcus 2 

 3 id13672 0.007 0.360 Ruminococcus 2 
 3 id15191 0.028 1.830  

 3 id07523 0.016 3.082 Ruminococcus 2 
 3 id10549 0.033 3.082  

 3 id02839 0.030 3.082 Ruminococcus 2 
 3 id14154 0.028 8.013 Ruminococcus 2 
 3 id12388 0.019 8.024 Ruminococcus 2 
 3 id24815 0.003 9.433  

 3 id18519 0.009 11.689  

 3 id03758 0.021 16.649  

 3 id13768 0.014 17.290  

 3 id05996 0.008 17.290  

 3 id12382 0.008 17.290  

Bacillus 2 id09016 0.003 147.885  
 2 id05956 0.023 148.328  
 2 id32858 0.006 148.948  
 2 id12291 0.013 150.053  

 2 id33001 0.014 150.574 Cutibacterium 
 2 id25447 0.008 150.911  

 2 id30476 0.021 151.894  

 2 id03102 0.002 154.051  

 2 id00923 0.003 154.051  

 2 id04053 0.002 157.198 Cutibacterium 
 2 id33819 0.008 157.198  

 2 id10445 0.002 157.198 Cutibacterium 
 2 id13471 0.001 158.582  

 2 id06720 0.001 158.587 Cutibacterium 
 2 id02198 < 0.001 158.750 Cutibacterium 
 2 id04692 0.041 159.867  

 2 id01497 0.002 160.198 Cutibacterium 
 2 id10454 < 0.001 160.198 Cutibacterium 
 2 id02833 0.003 160.198 Cutibacterium 
 2 id02131 0.002 160.317 Cutibacterium 
 2 id12311 0.028 161.185  

 2 id08123 0.028 161.185  

 2 id09029 0.011 163.378  

 2 id09032 0.032 163.648 Cutibacterium 

Cutibacterium 2 id33001 0.032 150.574 Bacillus 
 2 id04053 0.015 157.198 Bacillus 
 2 id10445 0.049 157.198 Bacillus 
 2 id18905 0.023 157.199  

 2 id06720 0.043 158.587 Bacillus 
 2 id02198 0.039 158.750 Bacillus 
 2 id01497 0.045 160.198 Bacillus 
 2 id10454 0.009 160.198 Bacillus 
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 2 id02833 0.011 160.198 Bacillus 
 2 id02131 0.039 160.317 Bacillus 
 2 id09032 0.035 163.648 Bacillus 
 2 id01918 0.037 165.518  
 2 id13472 0.037 165.518  
 2 id32230 0.045 168.860  
 2 id15179 0.032 168.860  
 2 id32700 0.041 168.871  
 2 id17401 0.014 169.669  
 2 id23477 0.013 169.669  
 2 id28643 0.013 169.669  
 2 id08129 0.011 169.669  
 2 id10474 0.007 170.978  
 2 id31089 0.001 171.280  
 2 id12342 0.003 171.280  
 2 id08131 0.001 171.280  
 2 id15180 0.020 171.280  
 2 id03809 0.002 171.280  
 2 id01498 0.002 171.280  
 2 id09043 0.017 173.562  
 2 id32704 0.044 173.563  
 2 id10482 0.021 173.563  
 2 id17403 0.044 173.567  
 2 id13854 0.003 174.374  
 2 id00622 0.001 176.564  
 2 id17758 0.014 176.564  

Escherichia/Shigella 24 id10195 0.042 0.000  
 24 id13533 0.041 0.000  

Ruminococcus 2 3 id00986 < 0.001 0.000 Aerococcus 
 3 id18286 0.039 0.000  

 3 id00575 0.001 0.000 Aerococcus 
 3 id13672 0.009 0.360 Aerococcus 
 3 id06525 0.001 0.360  

 3 id07523 0.009 3.082 Aerococcus 
 3 id02839 0.014 3.082 Aerococcus 
 3 id34021 0.002 3.082  

 3 id14154 0.008 8.013 Aerococcus 
 3 id12388 0.009 8.024 Aerococcus 

Streptococcus 5 id14925 < 0.001 44.417  
 5 id08312 0.035 44.614  
 5 id15246 0.026 45.341  
 5 id03766 0.005 45.342  
 5 id17506 0.015 45.342  
 5 id01172 0.038 45.342  
 5 id04785 0.007 45.342  

Summary of the trait-associated markers from GCTA (p ≤ 0.05) within the significant QTL regions. In 
addition, all markers that are significantly associated with another characteristic are listed in the last 
column. 1 in cM. 
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Lay Summary 

Feed efficiency and phosphorus efficiency are of increasing importance in poultry breeding. It 

was frequently shown that next to the birds' genomes also the gut microbiota composition is 

important for these efficiency traits. The gut microbiota composition is a mediator between the 

genomes of the birds and their efficiency traits. In the present study, an approach was taken 

to consider the animal’s gut microbiota diversity, efficiency traits, and the genomes of the 

animals together in a causal network to decipher the mediator role between the traits. Growing 

Japanese quail were used as model species. A stable network could be established that placed 

the diversity of the gut microbiota composition at the forefront, with direct and indirect links to 

other traits like phosphorus utilization and retention, feed per gain ratio, and growth. Together 

with genome scans, the results confirmed the mediator role of the gut microbiota composition 

because several traits associated variants affected the efficiency traits directly and indirectly 

via the gut microbiota composition. 

Teaser Text 

This study investigated the complex interrelationship between gut microbiota composition and 

feed and phosphorus efficiency traits in Japanese quail. The results offered new insight into 

the traits' hierarchical structure and shared genetic architecture. 
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Abstract 

Feed and phosphorus efficiency are of increasing importance in poultry breeding. It has been 

shown recently that these efficiency traits are influenced by the gut microbiota composition of 

the birds. The efficiency traits and the gut microbiota composition are partly under control of 

the host genome. Thus, the gut microbiota composition can be seen as a mediator trait 

between the host genome and the efficiency traits. The present study used data from 749 

individuals of a Japanese quail F2 cross. The birds were genotyped for 4k SNP and trait 

recorded for phosphorus utilization (PU) and phosphorus retention (PR), body weight gain 

(BWG) and feed per gain ratio (F:G). The gut microbiota composition was characterized by 

targeted amplicon sequencing. The alpha diversity was calculated as the Pielou’s evenness 

index (J’). A stable Bayesian network was established using a Hill-Climbing learning algorithm. 

Pielou’s evenness index was placed as the most upstream trait and BWG as the most 

downstream trait, with direct and indirect links via PR, PU, and F:G. The direct and indirect 

effects between J’, PU, and PR were quantified with structural equation models, which 

revealed a causal link from J’ to PU and from PU to PR. Quantitative trait loci (QTL) linkage 

mapping revealed three genome-wide significant QTL regions for these traits with in total 49 

trait-associated SNP within the QTL regions. Structural equation model association mapping 

separated the total SNP effect for a trait into a direct effect and indirect effects mediated by 

upstream traits. Although the indirect effects were in general small, they contributed to the total 

SNP effect in some cases. This enabled us to detect some shared genetic effects. The method 

applied allows for the detection of shared genetic architecture of quantitative traits and 

microbiota compositions. 

Keywords: Bayesian network, causal network, gut microbiota composition, phosphorus 

efficiency traits, poultry breeding, structural equations 

List of Abbreviations 

BWG, body weight gain; CJA, Coturnix japonica chromosome; F:G, feed per gain ratio; GWAS, 

genome-wide association study; HC, Hill-Climbing; High J’, 25 birds with the greatest Pielou’s 

evenness index; HPD, highest posterior density; J’, Pielou’s alpha diversity index; LOD, 

logarithm of the odds; Low J’, 25 birds with the lowest Pielou’s alpha diversity index; MCMC, 

Markov chain Monte Carlo; OTU, operational taxonomic units; P, phosphorus PR, phosphorus 

retention; PSD, posterior SD; PU, phosphorus utilization; QTL, quantitative trait loci; SEM, 

structural equation models; SI, support interval; SNP, single-nucleotide polymorphism 

Introduction 

It was repeatedly shown that the gut microbiota composition influences feed and nutrient 

efficiency traits in pigs (reviewed by Maltecca et al. (2020)) and poultry (Vollmar et al., 2020). 
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Because the gut microbiota composition is partly under host genetic control, it might be used 

to improve genomic breeding value estimation (Christensen et al., 2021) or selection indices 

(Weishaar et al., 2020). Hence, the gut microbiota composition can be seen as a mediator 

between the host genome and efficiency traits, and it might be that the genetic variation 

observed for efficiency traits is the sum of direct and indirect genetic variation mediated by the 

heritable part of the microbiota composition. One option to analyze such a relationship is to 

apply structural equation models (SEM), as introduced in livestock quantitative genetics by 

Gianola and Sorensen (2004). Structural equation models provide a functional link between 

traits and allow for the prediction of one trait from other upstream traits (Valente et al., 2010). 

These classes of models have been frequently used in livestock quantitative genetics (Dhakal 

et al., 2016; Inoue et al., 2016; Okamura et al., 2020; Pegolo et al., 2020; Pegolo et al., 2021) 

and recently in research on genetic relationships between traits and gut microbiota (Saborío-

Montero et al., 2020; Tiezzi et al., 2021; Haas et al., 2022). In the latter studies the microbiota 

composition was considered as multiple traits and relative abundancies of single features (e.g., 

bacteria genera or operational taxonomic units (OTU)) were included one at a time in an SEM. 

Currently there is no index available that includes all these features, which might also be 

hampered by the fact that the relative abundancies are compositional data. Alternatively, alpha 

diversity measures of the gut microbiota are usually calculated using the relative abundance 

of all microbiota features. Hence, these diversity measures can be seen as one way of reducing 

the dimensionality towards one single trait. Significant heritabilities of alpha diversity measures 

of pig fecal microbiota composition and genetic correlation with production traits were recently 

reported by Lu et al. (2018), Aliakbari et al. (2021) and Déru et al. (2022). These studies also 

discussed the usefulness of alpha diversity measures as a potential selection target in a 

breeding scheme with the aim to promote correlated traits. 

In the SEM studies considering the microbiota composition mentioned above, the causal link 

between the traits considered were chosen based on assumptions on biological knowledge, 

i.e., the microbiota affects the trait. However, a more detailed investigation of this relationship 

including multiple traits would be beneficial. For this purpose, inductive causation (IC) 

algorithms (Verma and Pearl, 2022) or Bayesian networks were proposed (Chickering, 2013), 

which suggest causal structures and establish a network based on the observed data. 

Bayesian networks are probabilistic models that can be used to graphically visualize 

dependencies between different variables, i.e., quantitative traits, (Heckerman, 2008) with 

directed relationships represented by arrows between traits. A network can be viewed as 

factorization of a joint probability distribution, where the conditional probability distributions at 

each node represent the factors and the graph structure represents their combination method 
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(Daly and Qiang, 2007). In resulting graphs, the nodes represent the variables, and the edges 

represent the probabilistic dependencies between them. 

Momen et al. (2019) extended SEM towards genome-wide association studies (GWAS). These 

SEM-GWAS enable to separate a total SNP effect for a trait into a direct effect and indirect 

effects mediated by upstream traits in the inferred network. The application of SEM-GWAS 

adds more information to the shared genetic architecture of multiple quantitative traits within a 

network. Pegolo et al. (2020) used Bayesian networks to establish a network between dairy 

cattle udder health traits and applied SEM and subsequently SEM-GWAS to these traits. This 

kind of extended SEM studies would be of interest to shed more light on the complex 

relationship between gut microbiota composition and host quantitative traits, but has to the 

best of our knowledge not systematically applied in this field. 

In previous studies, we detected a substantial impact of the gut microbiota composition on feed 

and phosphorus (P) efficiency in Japanese quail (Vollmar et al., 2020) and found that both the 

microbiota composition and the host efficiency traits were significantly heritable (Beck et al., 

2016; Haas et al., 2022). Based on this, we established some causal structures between 

selected features of the microbiota composition and some host traits using prior biological 

information using bivariate SEM (Haas et al., 2022). This approach was rather simplified in a 

sense that only one microbiota feature was considered at time and no relationship between 

quantitative traits were modelled, i.e., the effect of one microbiota feature on one quantitative 

trait was investigated.  

The aim of the present study was (i) to determine the causal links between quail gut microbiota 

alpha diversity and several efficiency traits of the quail with a Bayesian learning algorithm and 

graphical models, (ii) to use the learned structure to compute structural coefficients with SEM 

for three quantitative traits and the alpha diversity, and (iii) to perform SEM association analysis 

to split total SNP effects for a trait into direct, and indirect effects. 

Material and Methods 

This animal experiment was performed according to the requirements of the German Animal 

Welfare Legislation and approved by the Animal Welfare Commissioner of the University of 

Hohenheim (approval number S371/13TE). 

Experimental design and data collection 

Details regarding the design of the underlying study can be found in Beck et al. (2016), and 

only the essentials are described here. We used a dataset of an F2 cross consisting of 749 

Japanese quail (Coturnix japonica) that were fed a diet with marginal P concentration. 

Phenotyping took place between 10th and 15th day of life. The traits P utilization (PU), feed per 

gain ratio (F:G), P retention (PR), and body weight gain (BWG) were recorded, for details see 
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Beck et al. (2016). After the test period, the quails were slaughtered to collect ileum digesta 

samples and characterized the individual microbiota composition by targeted amplicon 

sequencing. Sequence reads were clustered into OTU with a 97% similarity, as described in 

detail by Borda-Molina et al. (2020). In total, 1,188 OTU with an average relative abundance > 

0.0001% and a sequence length > 250 bp were used. As a measure of the OTU diversity 

observed within individuals, we calculated Pielou’s evenness index (J’) (Pielou, 1966), using 

Primer 7 software (Clarke and Warwick, 2001): 

J′ = H′H′max = H′log 𝑆 , 

with H′ = − ∑ 𝑝𝑖𝑖 log (𝑝𝑖), where H′ is the measurement of the Shannon diversity index, and 𝑝𝑖 
is the proportion of the total count arising from the ith OTU, and S is the total number of OTU. 

The birds were genotyped genome-wide with 4k SNP, for which a genetic linkage map was 

available (Vollmar et al., 2021). Slaughtering and breeding took place on twelve different days, 

resulting in twelve test days in the statistical analysis. Scatterplots of raw phenotypes for the 

traits PU, F:G, PR, and BWG with the microbiota trait J’ are produced using R Studio 4.1.1 (R 

Core Team, 2021). 

Statistical analyses 

Genetic parameter estimation 

The statistical analysis started with a multivariate estimation of genetic parameters of the host 

traits (heritability, genetic and phenotypic correlations) using the following Bayesian animal 

model in R Studio 4.1.1 (R Core Team, 2021): 𝐲 = 𝐗𝐛 + 𝐙𝐚 + 𝐞 (Model 1), 

where 𝐲 is the vector of the phenotypes of the t = 5 traits (J’, PU, F:G, PR, and BWG), 𝐛 is the 

vector of test day effects (12 test days) with flat priors, 𝐚 is the vector with random additive 

genetic effects, 𝐞 is the vector of residuals, and 𝐗 and 𝐙 are the known design matrices. The 

vectors 𝐚 and 𝐞 were assumed to have independent Gaussian distributions 𝐚~𝑁(0, Σa ⊗ 𝐀) 

and 𝐞~𝑁(0, Σe ⊗  𝐈), where 𝐀 is the pedigree-based relationship matrix, 𝐈 is the identity matrix 

for residuals, and Σa and Σe are the t x t variance-covariance matrices of genetic and residual 

effects. The operator ⊗ denotes the Kronecker product. For the additive genetic and residual 

variances, flat and uninformative priors were used. The MCMCglmm package (Hadfield, 2010) 

was used to obtain the posterior distributions by applying Markov chain Monte Carlo (MCMC) 

sampling. The chain length was 750,000 iterations, the burn-in 150,000 and the thinning 

interval 300. The genetic parameters were estimated using standard notations from the 

posterior distributions of the variance and covariance components, and the highest posterior 
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density (HPD) intervals (95%) were determined. In addition, the residuals from this model were 

stored, which were needed for the Bayesian network analysis (see below).  

QTL linkage analyses 

Quantitative trait loci (QTL) mapping was done using a linkage mapping approach by Vollmar 

et al. (2021) for the traits PU, F:G, and BWG. Linkage mapping was applied because the 

number of SNPs was too low for a comprehensive GWAS. To complete the QTL mapping, we 

applied the same linkage mapping procedure as Vollmar et al. (2021) for the remaining two 

traits J’ and PR, using the R package R/qlt2 (Broman et al., 2019), which was developed for 

inbred crosses. Because the Japanese quail are not an inbreed cross, we selected the SNP 

from the marker list according to Fst > 0.23 in the two founder lines. This ensured a strong 

divergent allele frequency across the two founder lines and helped to fulfill the requirement of 

divergent allele fixation approximately. The package R/qtl2 estimated the QTL genotype 

probabilities for each marker position and each F2 individual and performed genome scans 

using regression of the phenotypes on these probabilities. Only additive QTL effects were 

considered. The test day effects were included in the regression analyses as fixed effects. The 

logarithm of the odds (LOD) score was used as test statistic. Permutation test with 10,000 

permutations was applied to obtain genome-wide significance threshold values. We 

considered two significance limits, i.e., 1% and 5% genome-wide significance, and QTL 

support intervals (SI) were obtained using 1.5 LOD drop-off, which corresponds 

approximatively to a 95% confidence interval (Manichaikul et al., 2006). The bounds of the SI 

were extended slightly in both directions (Vollmar et al., 2021) to be more conservative. Within 

the SI for the identified QTL, all SNP were tested for trait associations using single-marker 

association mapping implemented in GCTA using the LOCO option to control for population 

stratification (Yang et al., 2011). The existence of the QTL was inferred from the linkage 

mapping controlling for genome-wide multiple testing using permutations. Therefore, 

correcting for multiple testing for these single marker association analyses was restricted to 

the number of tested SNPs within the SI and this was done using a Bonferroni approach. 

Bayesian network 

To obtain the Bayesian network of the five traits, we used the score-based Hill-Climbing (HC) 

learning algorithm (Daly and Qiang, 2007) as implemented in the R package bnlearn 4.7 

(Scutari, 2010) and visualized it graphically with the R package qgraph 1.9 (Epskamp et al., 

2012). We used the residuals obtained from Model 1 to avoid that the traits are dependent 

based on systematic genomic or test day effects, which would bias the network (Rosa et al., 

2011). We used the bootstrapping procedure with 50,000 bootstrap samples, in which the 

strength of the arcs (proportion that there is an arc between), and the proportion of direction 

were estimated. 
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SEM and SEM association analysis 

Based on the Bayesian network analysis results, we selected t = 3 traits, i.e., J’, PU, and PR 

for SEM analysis. This reduction of the number of traits was necessary, because the dataset 

was too small for a complete SEM analysis for all five traits in the network, which resulted in 

convergence problems (not shown). The following SEM implemented in ASReml 4.1 (Gilmour 

et al., 2015) was applied (using the notation of Rosa et al. (2011)): 𝐲 = (𝚲 ⊗ 𝐈𝐧)𝐲 + 𝐗𝐛 +  𝐙𝐚 + 𝐞 (Model 2), 

where 𝐲 is the vector of scaled (mean = 0, SD = 1) trait records (J’, PU, and PR) for the n 

individuals in the identity matrix 𝐈𝐧 and 𝚲 is a off-diagonal matrix (t x t) of structural coefficients λi,j, which expresses the change of trait i through the recursive influence of trait j. The following 

structure was assumed based on the Bayesian network: 

𝚲 = [ 0 0 0λPU,J’ 0 0λPR,J’ λPR,PU 0]. 
The remaining terms are defined above. The residual variances in 𝐑 were assumed to be 

independent to ensure identifiability (Rosa et al., 2011).  

Model 2 was extended towards accounting for single SNP that were within the QTL SI detected 

in the QTL linkage mapping. The model for this SEM association analysis was adapted from 

Momen et al. (2019) and Pegolo et al. (2020) as: 𝐲 = (𝚲 ⊗ 𝐈𝐧)𝐲 + 𝐖𝐬 + 𝐗𝐛 +  𝐙𝐚 + 𝐞 (Model 3), 

where 𝐖 is a n x t matrix of the genotype codes (coded as 0, 1 or 2) of the marker under 

consideration and 𝐬 is the t x 1 vector with SNP effects. The other terms are as defined above. 

This model allows for the split of the total SNP effect on a focal trait into a direct effect and in 

indirect effects. The latter ones are defined as those effects on a focal trait that are mediated 

by other traits that are upstream in the network. They were calculated by multiplying path 

coefficients with direct SNP effects of upstream traits, see Supplementary Material S1 for a full 

presentation of each trait. The total effect of a SNP for the focal trait was the sum of the direct 

effect and all indirect effects. 

Results 

Heritabilities and correlations 

The scatterplots (Fig. 1) indicate a relationship between the traits BWG, PU, PR and F:G with 

J’. This can also be seen from the phenotypic correlations, which are presented along with 

genetic correlations and heritabilities in Table 1. The traits PU, PR, and BWG were negatively 
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correlated with J’. The correlation between J’ and F:G is close to zero. Some genetic 

correlations are substantial, especially between PU and PR, BWG and PR, and J’ and BWG. 

The heritability estimates range from 0.11 (F:G) to 0.26 (PR). For some of the traits the 

heritability was estimated previously univariately with REML (Beck et al., 2016) and estimates 

agree with the values reported here. 

 

Figure 1 Scatterplot comparisons of the traits phosphorus utilization (PU), feed per gain 

ratio (F:G), phosphorus retention (PR), and body weight gain (BWG) and the host 

microbiota trait Pielou’s evenness index (J’) and regression line between traits.  

Table 1 Heritability (diagonal), genetic (below the diagonal), and phenotypic (above the 

diagonal) correlations between the phenotypic traits, with the posterior SD in parenthesis from 

the multivariate model (Model 1). 

Traitsa J’ PU F:G PR BWG 

J’ 0.19 (0.08)* -0.10 (0.04)* 0.06 (0.04) -0.15 (0.05)* -0.16 (0.05)* 
PU -0.17 (0.32) 0.14 (0.07)* -0.38 (0.04)* 0.79 (0.02)* 0.57 (0.03)* 
F:G -0.06 (0.34) 0.03 (0.40) 0.11 (0.08)* -0.26 (0.05)* -0.62 (0.05)* 
PR -0.46 (0.23)* 0.58 (0.22)* 0.41 (0.29) 0.26 (0.12)* 0.82 (0.02)* 
BWG -0.62 (0.22)* 0.37 (0.33) 0.23 (0.38) 0.81 (0.11)* 0.17 (0.11)* 

a J’: Pielou’s evenness index, PU: Phosphorus utilization, F:G: Feed per gain ratio, PR: Phosphorus 
retention, BWG: Body weight gain;  

* 95% highest posterior density interval not including 0. 
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Bayesian network and structural equation coefficients 

The Bayesian network, established with the residuals from Model 1 for the five traits, is shown 

in Fig. 2. Bootstrap sample proportions are given for the edges and the direction of the edges, 

respectively. The recursive effect from J’ to PU was added manually after network discovery 

as the relationship was too weak from the Bayesian network. This was justified based on 

previous biological justification, as we found strong associations in our previous studies 

between the microbiota composition and PU (Borda-Molina et al., 2020; Vollmar et al., 2020). 

In general, the network is supported by bootstrap analysis. Pielou’s alpha diversity index J’ 

affects PR directly, and BWG indirectly, mediated via PR. All other traits affect BWG directly. 

Phosphorus utilization affects F:G and PR directly and BWG indirectly via these two traits.  

 

Figure 2 Bayesian network structure, resulting from the Hill-Climbing learning algorithm (J’: 

Pielou’s evenness index, PU: Phosphorus utilization, F:G: Feed per gain ratio, PR: Phosphorus 

retention, BWG: Body weight gain). The path J’ → PU was added based on prior biological 

knowledge. The numbers are bootstrap sample proportions (50,000 samples), indicating an 

existing arc between the variables (left figures) and the proportion of this direction of the arc 

(right figures). 

The structural coefficients λi,j estimated with Model 2 are shown in Table 2. Pielou’s evenness 

index J’ had a slight negative impact on PU and no impact on PR. The impact of PU on PR 

was positive and substantial. 
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Table 2 Structural coefficients λi,j from the trivariate SEM (Model 2), with standard error (SE) 

and P-value. 

Structural coefficienta Path Lambda SE Pnominal λPU,J′ J’ → PU -0.08 0.03 0.03 λPR,J′ J’ → PR -0.01 0.02 0.74 λPR,PU PU → PR 0.79 0.02 < 0.01 
a λ = structural coefficient between the traits (J’: Pielou’s evenness index; PU: Phosphorus utilization; 
PR: Phosphorus retention) 

QTL mapping results 

The plot of the test statistic obtained from the QTL linkage mapping for the traits included in 

the SEM analyses are shown in Fig. 3. For J’ there is a significant QTL located on Coturnix 

japonica chromosome (CJA) 13, for PU on CJA3, and for PR also on CJA3. 

 

 

 

Figure 3 Plot of the QTL linkage mapping result of Pielou’s evenness index (J’), phosphorus 

utilization (PU), and phosphorus retention (PR) with LOD score as test statistic. The red and 

green lines correspond to genome-wide significance levels of 1% and 5%, respectively. The 

PU results are taken from Vollmar et al. (2021). 
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The results for the three significant QTL with chromosomal position, test statistic, SI, and the 

number of significant trait-associated SNP from GCTA are shown in Table 3. The SI ranges 

from 12.6 cM (J’) to 29.8 cM (PU). The QTL regions on CJA3 for trait PU and PR do not overlap. 

In total, 49 SNP within the SI were trait-associated (Pnominal ≤ 0.05), see Supplementary Table 

S2. 

Table 3 QTL linkage mapping results position (Pos) in cM of the 1% (**) and 5% (*) genome-

wide significant QTL on Coturnix japonica chromosome (CJA), with the LOD score, the Support 

interval borders, the number of significant trait-associated SNPs from GCTA (Pnominal ≤ 0.05) 

and the number of Bonferroni adjusted significant SNPs (PBonferroni ≤ 0.05). 
Traita CJA Pos (cM) LOD Support interval 

borders (cM) 
Number of 

nominal 
significant 

SNPs 

Number of 
adjusted 

significant 
SNPs 

low high 

J’ 13 7.1 5.07** 1.3 13.9 8 1 
PU 3 48.9 4.82* 35.9 65.7 17 1 
PR 3 104.4 4.36* 97.8 117.1 24 10 

a J’: Pielou’s evenness index, PU: Phosphorus utilization, PR: Phosphorus 

SNP effects 

The general structure of the SEM association analysis for the 49 significant SNP detected in 

the QTL mapping and the reduced network with estimated structural coefficients are shown in 

Fig. 4. Each SNP has a direct effect on the traits (sJ′, sPU, sPR) and for PU and PR also indirect 

effects, see Supplementary Material S1. 

 

Figure 4 General structure of SEM association analysis with structural coefficients 

( 𝜆𝑃𝑈,𝐽′;  𝜆𝑃𝑅,𝑃𝑈;  𝜆𝑃𝑅,𝐽′ ) (J’: Pielou’s evenness index; PU: Phosphorus utilization; PR: 

Phosphorus retention) and direct SNP effects (𝑠𝐽′, 𝑠𝑃𝑈, 𝑠𝑃𝑅). 
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Figure 5 shows a section of the SNP with their effects on PU and PR in their respective QTL 

regions, for all those with significant direct SNP effect (Pnominal < 0.05) (calculated via Model 3). 

A complete list can be found in Supplementary Table S3. 

Figure 5 Plots of direct (circle), summed indirect (rhombus), and total effects (black dot) of the 

SNP within the support interval (SI) of the CJA3 QTL for phosphorus retention (PR) (right), and 

CJA3 for phosphorus utilization (PU) (left), obtained by using SEM association analysis. The 

plot shows all SNP with a significant direct SNP effect (Pnominal < 0.05). 

Discussion 

This study analyzed the interrelationship between ileal microbiota composition, host genetics, 

and quantitative efficiency traits in Japanese quail using Bayesian networks and SEM. It 

extended previous work using simplified assumptions, i.e., the causal structure among 

selected features of microbiota composition and quantitative traits was given a priori (Haas et 

al., 2022). In addition, the microbiota composition was modelled using Pielou’s alpha diversity 

index instead of the average relative abundances of bacteria genera or OTU. This allows for 

modelling of the microbiota composition based on community species evenness as a biological 

indicator. The heritability estimates of the diversity index J’ indicates a significant host genetic 

effect. Similar values were reported in pigs using different alpha diversity indexes in the ileum 

(Tang et al., 2020) and fecal samples (Lu et al., 2018; Aliakbari et al., 2021; Déru et al., 2022). 

These studies reported also negative genetic correlations between alpha diversity measures 

and body weight gain, which agrees with the negative genetic correlation between J’ and BWG 

found in this study.  
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The Bayesian HC learning algorithm (Scutari, 2010) identified a causal structure among the 

residuals obtained from Model 1 of the traits. The residuals were chosen as input variables in 

the network analysis to exclude putative confounding common genetic factors, as suggested 

by Rosa et al. (2011) and Pegolo et al. (2020). The connection J' on PU was chosen based on 

the strong effect of the microbiota on PU, as detected in our previous study (Borda-Molina et 

al., 2020; Vollmar et al., 2020). This external information given to the algorithm ensured a 

stable network of the traits, as indicated by the bootstrap sampling results. The hierarchy within 

this network is that the microbiota diversity J' is the most upstream and BWG the most 

downstream trait and the other three are mediator traits. More precisely, J' directly influenced 

PU and PR, and indirectly F:G (mediated by PU), BWG (mediated by PU and PR). This is 

biologically meaningful because P supply of the quail was marginal and an increase in PU at 

such supply level should increase retention of P and overall growth of the birds. The Bayesian 

network results agrees with the correlations between J’ and the other traits. This points to the 

presence of some microbiota features that promote these traits. Increased frequencies of these 

features might reduce the diversity index J’ but improve the other traits in a desired direction, 

from a breeder’s perspective (note that a reduced F:G is also desired because this improves 

feed efficiency). To identify these microbiota features, we used the 25 animals with the greatest 

(High J’) and the 25 with the lowest (Low J’) Pielou’s alpha diversity index and compared the 

microbiota composition between these groups at the phylum level and at the bacterial genus 

level. At the phylum level (Fig. 6) Firmicutes had significant (P < 0.0001) greater abundances 

in the Low J’ (98.3%) than in the High J’ (66.6%) group. The phylum Proteobacteria (1.4% and 

16.4% in the Low J’ and High J’ group, respectively, P < 0.0001), Actinobacteria (0.3% in the 

Low J’ and 9.8% in the High J’ group, P < 0.0001), and Bacteroidetes (0.1% in the Low J’ line 

versus 7.1% in the High J’ line, P < 0.002) had significant lower levels of relative abundances 

in the Low J’ as in the High J’ group. This agrees with Vollmar et al. (2020), who found, that a 

greater abundance of Firmicutes increased and greater abundance of Proteobacteria 

decreased PU. At the bacteria genus level, we found a similar pattern (Fig. 7). Particularly 

worth mentioning are Lactobacillus (46.6% in the Low J’ and 16.0% in the High J’ group, P < 

0.001), and Candidatus Arthromitus (35.5% in the Low J’ line versus 11.9% in the High J’ line, 

P < 0.003), Escherichia/Shigella (1.4% and 15.4% in the Low and High J’ group, respectively, 

P < 0.003), and Enterococcus (0.9% and 6.6% in the Low and High J’ line, respectively, P < 

0.01). These findings at genus level agrees with Borda-Molina et al. (2020) who found distinct 

differences in relative abundance of some bacteria between low PU and high PU phenotypes 

(e.g., Candidatus Arthromitus). This indicates that differences in the quantities of P accreted 

by the birds are mainly driven by individual capabilities to utilize P from the digestive tract. Most 

of the P contained in the diet was present in the form of phytate (Beck et al., 2016), and 
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endogenous enzymes (by microbes or intestinal epithelia) are needed to make the P available 

for absorption (Rodehutscord et al., 2022). 

 

Figure 6 Relative abundance percentage of phyla of the 25 animals with the greatest Pielou’s 

alpha diversity index (High J’) and the 25 animals with the lowest Pielou’s alpha diversity index 

(Low  J’). The term ‘Others’ are the phyla with a relative abundance < 1% in both groups. 

The dataset was underpowered to apply SEM to all five traits included in the Bayesian network 

analysis. Therefore, only a subset of three traits was selected from the network and analyzed 

with SEM. The results from this reduced network SEM revealed a directional effect of J’ on PU 

and PU on PR, i.e., significant estimates for λPU,J′ and for λPR,PU, respectively. The directional 

effect of J’ on PR, as suggested by the network, could not be confirmed by the SEM, because λPR,J′ was small and not significant. Thus, it seems biologically plausible that J’ was found to 

directly affect PU but not PR.  
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Figure 7 Relative abundance percentage of Genera of the 25 animals with the greatest 

Pielou’s alpha diversity index (High J’) and the 25 animals with the lowest Pielou’s alpha 

diversity index (Low J’). The term ‘Others’ are the genera with a relative abundance < 1% in 

both Groups. 

The SEM (Model 2) extension towards SNP association analysis (Model 3) revealed some 

shared genetic effects of the three traits that became not obvious from the single trait QTL or 

SNP association analysis. This can be seen from the QTL regions and the underlying trait-

associated SNP, which differ for the traits. However, the SEM association analysis detected 

some indirect SNP effects for the network downstream trait PR that were mediated by the 

network upstream traits J’ and PU. The total SNP effects on PR of the SNP within QTL region 

can be explained in about one-third by the indirect SNP effects. In some cases, the indirect 

effect was larger than the direct effect. The indirect SNP effect with the largest share is 

explained by the upstream trait PU, according to the amount of recursive influence 

(Supplementary Table S3). The SNP effects of PU are explained exclusively by the direct SNP 

effects. 

In conclusion, our approach considers jointly the gastrointestinal microbiota diversity, host 

genetics, and quantitative traits. It has been shown that Bayesian networks are well suited to 
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deciphering complicated biological systems, also with the consideration of host microbiota 

data. With the additional use of structural equation models and their combination with 

association studies, total SNP effects could be divided into a direct effect and indirect effects. 

Including the host microbiota in such causal networks makes it possible to understand better 

the relationship between the gastrointestinal microbiota, host genetics, and efficiency traits. 
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Supplementary Materials 

Supplementary Material S1: Structure to estimate the indirect and the total SNP effects. 

 

Pielou’s evenness index (J’). Only the effects exist for J’, as the Bayesian network algorithm 

did not find any upstream traits. The total effect of the SNP under consideration within the SI 

of the QTL for J’ on this trait correspond to its direct effect: Directs→J′ = sJ′ Totals→J′ = Directs→J′ = sJ′ 
 

Phosphorus utilization (PU). The total SNP effect of the trait PU can be decomposed into the 

direct and one indirect effect, mediated by J’ (J’ → PU) with the structural coefficient λPU,J′.  Directs→PU = sPU Indirect(1)s→PU = λPU,J′ ∗ sJ′ Totals→PR = Directs→PR + Indirect(1)s→PU = sPU + λPU,J′ ∗ sJ′ 
  

Phosphorus retention (PR). The effects of each SNP on PR can be broken down as follows 

based on the SEM association analysis results, considering the structure coefficients λPR,J′, λPU,J′, and λPR,PU from the network: Directs→PR = sPR Indirect(1)s→PR = λPR,J′ ∗ sJ′ Indirect(2)s→PR = λPR,PU ∗ sPU Indirect(3)s→PR = λPU,J′ ∗ λPR,PU ∗ sJ′ Totals→PR = Directs→PR + Indirect(1)s→PR + Indirect(2)s→PR + Indirect(3)s→PR      = sPR + λPR,J′ ∗ sJ′ + λPR,PU ∗ sPU + λPU,J′ ∗ λPR,PU ∗ sJ′ 
  



CHAPTER THREE 
 

 95 

Supplementary Table S2: Trait-associated markers from GCTA (Pnominal ≤ 0.05) within the 

significant QTL regions on Coturnix japonica chromosome (CJA) from the QTL linkage 

analyses. 

Trait CJA Marker ID Pnominal Posa PBonferroni
b 

Pielou’s evenness index 13 id13986 0.04 1.30 0.33   
13 id13985 0.01 2.33 0.09  
13 id34020 0.01 2.33 0.08  
13 id11613 < 0.01 6.26 0.02  
13 id17634 0.05 11.07 0.38  
13 id07862 0.02 11.07 0.14  
13 id07864 0.03 12.23 0.25  
13 id28086 0.02 12.23 0.18  

Phosphorus utilization 3 id14623 0.03 41.86 0.43   
3 id12416 0.01 44.17 0.09  
3 id02399 0.04 47.18 0.73  
3 id09078 0.03 48.39 0.56  
3 id15479 0.02 48.39 0.32  
3 id23567 0.05 48.40 0.77  
3 id03947 0.04 48.40 0.68  
3 id14857 < 0.01 48.40 0.03  
3 id12431 0.02 48.91 0.32  
3 id27978 0.02 48.91 0.32  
3 id21747 0.02 53.21 0.31  
3 id21189 0.02 53.21 0.37  
3 id07068 < 0.01 54.48 0.07  
3 id19369 0.02 55.21 0.36  
3 id21668 0.02 55.23 0.39  
3 id10612 0.01 62.85 0.17  
3 id06736 0.02 64.48 0.26  

Phosphorus retention 3 id12522 < 0.01 102.77 0.10   
3 id14393 0.01 102.77 0.31  
3 id12523 < 0.01 103.23 0.10  
3 id07091 < 0.01 103.23 0.10  
3 id10699 < 0.01 104.44 0.07  
3 id10698 0.01 104.44 0.34  
3 id09145 < 0.01 104.52 0.07  
3 id12526 < 0.01 104.58 0.02  
3 id21801 < 0.01 104.58 0.02  
3 id12525 < 0.01 104.58 0.02  
3 id20838 < 0.01 105.53 0.07  
3 id32871 < 0.01 107.50 0.10   
3 id06546 0.04 107.97 0.96  
3 id03760 0.01 107.97 0.12  
3 id10706 0.01 107.97 0.12  
3 id02682 < 0.01 109.45 < 0.01  
3 id13856 < 0.01 109.45 0.02  
3 id23496 < 0.01 109.45 0.05  
3 id00547 < 0.01 109.73 0.02  
3 id15669 < 0.01 112.08 0.02  
3 id08214 0.02 112.08 0.46  
3 id06751 0.01 112.72 0.14  
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3 id10714 < 0.01 112.72 0.05  
3 id06750 < 0.01 112.72 0.02  

a in cM; b Bonferroni adjusted P-value for the number of SNP within the respective support interval. 
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Supplementary Table S3: Direct, indirect, and total SNP effects of the SNP within the QTL 

region from the QTL mapping results calculated with SEM association analysis (Model 3) on 

trait phosphorus utilization (PU) and phosphorus retention (PR). 

Marker ID QTL Direct Indirect(1) Indirect(2) Indirect(3) Total Pnominala 
id14623 PU 0.155 -0.003 

  
0.152 0.01 

id12416 
 

0.139 -0.004 
  

0.135 0.02 
id02399 

 
0.110 -0.002 

  
0.109 0.15 

id09078 
 

0.094 0.005 
  

0.100 0.13 
id15479 

 
0.124 0.001 

  
0.125 0.03 

id23567 
 

0.109 -0.002 
  

0.106 0.16 
id03947 

 
0.110 -0.001 

  
0.109 0.16 

id14857 
 

0.233 -0.020 
  

0.213 0.03 
id12431 

 
0.155 -0.002 

  
0.154 0.03 

id27978 
 

0.122 0.000 
  

0.122 0.03 
id21747 

 
0.137 0.005 

  
0.142 0.15 

id21189 
 

0.101 -0.006 
  

0.095 0.09 
id07068 

 
0.166 0.002 

  
0.169 0.01 

id19369 
 

0.140 -0.004 
  

0.136 0.05 
id21668 

 
0.136 0.004 

  
0.141 0.15 

id10612 
 

0.107 0.004 
  

0.111 0.19 
id06736 

 
0.096 0.004 

  
0.100 0.21 

id12522 PR 0.080 0.000 0.038 0.001 0.120 0.02 
id14393 

 
0.086 0.000 0.030 -0.001 0.114 0.02 

id12523 
 

0.080 0.000 0.041 0.001 0.123 0.02 
id07091 

 
0.080 0.000 0.041 0.001 0.123 0.02 

id10699 
 

0.100 0.000 0.018 0.002 0.120 < 0.01 
id10698 

 
0.064 0.001 0.055 0.004 0.124 0.08 

id09145 
 

0.060 0.000 0.086 0.003 0.149 0.12 
id12526 

 
0.092 0.000 0.046 0.000 0.138 0.01 

id21801 
 

0.100 0.000 0.033 0.002 0.135 < 0.01 
id12525 

 
0.090 0.000 0.047 0.000 0.138 0.01 

id20838 
 

0.060 0.000 0.085 0.002 0.147 0.12 
id32871 

 
0.070 0.000 0.059 0.004 0.133 0.05 

id06546 
 

0.068 0.000 0.030 0.001 0.099 0.06 
id03760 

 
0.050 0.000 0.035 -0.002 0.083 0.17 

id10706 
 

0.044 0.000 0.041 0.002 0.087 0.23 
id02682 

 
0.085 0.000 0.083 0.002 0.170 0.01 

id13856 
 

0.079 0.000 0.088 0.001 0.168 0.02 
id23496 

 
0.065 0.000 0.087 0.000 0.152 0.07 

id00547 
 

0.069 0.000 0.088 0.002 0.159 0.05 
id15669 

 
0.080 0.000 0.107 0.002 0.189 0.02 

id08214 
 

0.076 0.000 0.063 0.001 0.141 0.02 
id06751 

 
0.101 0.000 0.070 0.000 0.170 0.03 

id10714 
 

0.048 0.000 0.095 0.002 0.145 0.18 
id06750 

 
0.078 0.000 0.109 0.002 0.190 0.02 

a calculated P-value from Model 3 for the direct SNP effects 
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Abstract 

The influence of microorganisms in the gastrointestinal tracts of nonruminants has long been 

considered nonexistent or almost nonexistent. However, past studies have demonstrated the 

colonization of gut microbiota and its potential influence on efficiency traits in a wide variety of 

livestock species. Since efficiency traits are currently becoming more popular, the present 

study addresses the question of how such microbial information from nonruminants can be 

used in scientific approaches to animal genetics and breeding in the subject area of animal 

efficiency and performance. The main current statistical methods and models that consider gut 

microbial colonization will be explained. Ways that quantify microbial influences on quantitative 

traits, that explain hologenomic (host genome plus microbiota genome) approaches and that 

consider causal relationships between microbial features along with efficiency traits and host 

genetics, are presented here. 

Introduction 

The efficiency of livestock production is of growing interest, especially in terms of resource 

conservation, environmental protection, animal welfare and food-feed competition. Feed 

efficiency can be divided into digestive and metabolic efficiency (Martin et al., 2021; Puillet et 

al., 2016). Digestive efficiency reflects the ability to absorb nutrients from ingested feed in the 

gastrointestinal tract (GIT) into the bloodstream, whereas metabolic efficiency is affected by 

allocation and reallocation processes, i.e., the conversion of absorbed nutrients into animal 

products. 
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The GITs of poultry harbor a variety of microorganisms (Apajalahti et al., 2004) influenced by 

external factors such as litter or diet (Borda-Molina et al., 2018; Kers et al., 2018) and by host 

genetics (Haas et al., 2022; Meng et al., 2014; Mignon-Grasteau et al., 2015; Wen et al., 2021; 

Zhao et al., 2013). These members of the bacterial microbiota are not silent roommates, as 

they live in symbiosis with the host and are therefore involved in a number of processes in the 

digestive efficiency pathway, e.g., efficiency, utilization of nutrients, immune system and 

animal health (Maki et al., 2019; Rodehutscord et al., 2022; Stanley et al., 2014; Yadav and 

Jha, 2019). Figure 1 shows a summary of factors influencing the colonization of the GITs by 

microorganisms. 

The consideration of microorganisms in the GITs of nonruminants can help improve the 

digestibility of various nutrients, as well as performance traits, and it seems to be beneficial to 

consider gastrointestinal microbiota in animal breeding (e.g., Haas et al., 2022; Khanal et al., 

2020; Lu et al., 2018; Maltecca et al., 2019; Weishaar et al., 2020). A deeper look at noteworthy 

statistical approaches in animal breeding that consider the bacterial colonization in the GITs 

of nonruminants (pigs and poultry) is compiled in this review. This review covers major 

microbial and genetic approaches but does not claim to be exhaustive. 

 

Figure 1 Factors influencing the animal gut microbiota. Full circles represent the host effects, 

and dashed circles represent the external influencing factors. 

Microbial Data 

The interplay between the host, its gut microbiota and efficiency is complex and not yet fully 

understood. Nevertheless, the use of microbiota data has arrived in animal science and 
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breeding. To use microbiota in genetic-statistical analyses, a powerful source of information is 

needed. In studies, mainly targeted amplicon sequencing of the 16S ribosomal RNA (rRNA) 

gene is applied (Borda-Molina et al., 2018; Maltecca et al., 2020). For this, the DNA is 

extracted, and a specific target region (amplicons) of the small ribosomal subunit RNA gene is 

amplified. The 16S rRNA genes are conserved in microorganisms and contain a hypervariable 

region that allows for delineation of the microorganisms. The resulting sequences are then 

clustered into operational taxonomic units (OTUs) based on bioinformatic processing using a 

similarity threshold, or the sequences are differentiated into amplicon sequence variants 

(ASVs) based on single nucleotide changes. Subsequently, the sequences for subordinate 

ranks (e.g., phylum, genus) can be taxonomically assigned. Therefore, deep characterization 

of microbiota communities and their quantification via relative abundances can be achieved. 

Another common technique is metagenomic shotgun sequencing (whole-genome sequencing) 

(Borda-Molina et al., 2018; Maltecca et al., 2020; Pérez-Cobas et al., 2020). This approach 

allows the parallel sequencing of DNA from all microorganisms in the ecosystem (GIT sample) 

with a high degree of coverage for species differentiation. Metagenomics enables the collection 

of genomes and their corresponding genes and allows for the characterization of potential 

bacterial functions. 

Since inexpensive and efficient sequencing methods to quantify the gut microbiota exist, the 

number of host microbiota studies has increased (Guevarra et al., 2019). The taxonomic 

classification of microbial data from the phylum to strain level is shown in Figure 2. 

 

Figure 2 Taxonomic classification of microbial data from the phylum to strain level with the 

characterization potential. 
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The GIT of poultry has various sections, with different digestion functions, and thus a 

differentiated settlement of microorganisms. The concentration of microbes increases in 

number from section to section and reaches its maximum in the paired ceca and the rectum 

(Yadav and Jha, 2019), and the distribution of the species in the different GIT sections is also 

different due to different habitat conditions (Yegani and Korver, 2008). For example, the crop, 

jejunum, and ileum are more likely to be home to bacteria of the family Lactobacillaceae and 

the caeca to the family Ruminocaccaceae (Witzig et al., 2015). 

Microbial data are given as compositional data (in relative abundances in percent), which 

means that the data per animal are multivariate and have a unit sum, i.e., an animal has 100 

percent over all detected microbial features. Therefore, many animals in the microbiota dataset 

have a relative abundance of zero for some microbial characteristics, which complicates the 

use of microbial data for some analyses. 

Heritabilities and host genetic architecture of microbial features 

As stated above, the microbial colonization of the GITs of nonruminants is influenced by host 

genetics. Some studies have estimated significant narrow sense heritabilities for different GIT 

sections and different microbial features. Without any differentiation of the study environments 

and designs, the heritabilities differ at the GIT section and the microbial database used. For 

example, heritabilities for bacterial genera in pig colon samples are in the range of 0.32 to 0.57 

(Camarinha-Silva et al., 2017) and bacterial genera in fecal samples are in the range of 0.07 

to 0.33 (Chen et al., 2018); in pig colons at the OTU level, the range is between 0.03 to 0.55 

(Bergamaschi et al., 2020). Similar significant heritabilities could be found for chicken 

microbiota in fecal samples at the genus level, ranging from 0.21 to 0.79 (Meng et al., 2014), 

and Wen et al. (2021) reported different heritabilities in different sections of the GIT at the 

genus level: in the duodenum from 0.44 to 0.62, in the jejunum from 0.31 to 0.44, in the ileum 

from 0.38 to 0.79, in the cecum from 0.36 to 0.87, and in the feces from 0.41 to 0.71. Lower 

heritabilities were reported in quail ileum at the genus level, from 0.04 to 0.17 (Haas et al., 

2022). Additionally, heritabilities of the diversity (i.e., alpha diversity index) of the microbiota 

composition in pigs and poultry are shown in the literature in a range of 0.15 to 0.26, depending 

on the animal species, the respective GIT section, and the study design (Aliakbari et al., 2021; 

Déru et al., 2022a; Haas et al., 2023; Lu et al., 2018). 

In addition to narrow-sense heritability, genetic correlation is also an important parameter in 

animal breeding. Several studies have estimated low to high genetic correlations between 

different microbial features and host efficiency traits. Aliakbari et al. (2021) and Déru et al. 

(2022a) found, for example, significant genetic correlations in pigs, Mignon-Grasteau et al. 

(2015) in chickens, and Haas et al. (2022) in Japanese quail. Some studies have reported 
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significant genomic regions for different microbial features (e.g., as genera, OTU, or alpha 

diversity index) and different animal species by using genome-wide association studies 

(GWAS) and quantitative trait loci (QTL) analyses (e.g., Haas et al., 2022; Haas et al., 2023; 

Wen et al., 2021). 

Microbial relationship matrix 𝐌 and microbiability 

In animal breeding, heritability of the narrow sense is used to describe the relationship between 

the additive genotypic values of a trait and the phenotypic recording in a population. To quantify 

the relationship between the GIT microbiota and the recorded phenotype, the parameter 

microbiability was introduced by Difford et al. (2016). Microbiability describes the part of the 

phenotypic variation of a trait that is explained by the microbial composition in the GIT. The 

approach to calculate microbiability, i.e., the proportion of microbial variance in the phenotypic 

variance, is equivalent to calculating heritability using the random animal effect in a linear 

mixed model. However, the random animal effect is modeled by a covariance structure from a 

microbial relationship matrix 𝐌 rather than the pedigree-based/genomic relationship matrix 

used in the calculation of heritability. Different methods exist to build a microbial relationship 

matrix (He et al., 2022). A commonly used form is: 𝐌 = 1/𝑁𝐗𝐗𝐓, 

with matrix 𝐗 (𝑛 x 𝑁 matrix, with 𝑛 the number of animals and 𝑁 number of microbial features), 

which contains the standardized and log-transformed abundances of the microbial features 

(Camarinha-Silva et al., 2017). 

The animal microbiota correlation between two quantitative traits can be estimated with 

bivariate or multivariate microbial linear mixed models. Here, one does not use the pedigree-

based/genomic relationship matrix as in genetic correlations but the microbial relationship 

matrix 𝐌 . Medium to high animal microbiota correlations were found between different 

efficiency traits in quail (Vollmar et al., 2020) and pigs (Aliakbari et al., 2022; Déru et al., 

2022b). 

Many studies have confirmed that the microbiome explains a substantial part of the phenotypic 

variation in efficiency traits (e.g., Verschuren et al., 2020 in pigs, Vollmar et al., 2020 in quail, 

and Wen et al., 2019 in chickens), and the animal microbial correlations are mostly significant 

and at high levels. This enables the use of gut microbiota as a potential predictor of complex 

traits in animals. 

Microbiome-wide association analysis (MWAS) 

Classical GWAS are used to detect trait-associated SNPs via mixed linear models. It is a 

common tool for the detection of genomic regions involved in the expression of quantitative 
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traits (Schmid and Bennewitz, 2017). A method to detect trait-associated microbial features is 

microbiome-wide association studies (MWAS) (Tiezzi et al., 2021; Vollmar et al., 2020). The 

relative abundance of a single microbial feature can be implemented as a fixed effect (fixed 

covariate) in a mixed linear model. Vollmar et al. (2020) modeled the random genetic animal 

effect in MWAS to model the population structure as in a GWAS. 

The MWAS approach was designed to find parts of the respective microbiota class that are 

associated with the trait under consideration. The study of Vollmar et al. (2020) clearly showed 

that some substantial peaks could be found at the genus level. It should be noted that some 

microbial parts affected more than one efficiency trait, and some bacteria contributed more 

than others to the overall phenotypic variance of one trait. However, a polymicrobial influence 

is emerging in all traits. This method can be used to identify trait-associated bacterial features. 

Aliakbari et al. (2022) confirmed the polymicrobial MWAS results for feed efficiency and 

performance traits in pigs, and Wang et al. (2022) found higher effects for some trait-

associated genera on the fat composition of pigs. It seems as if the identified microbial features 

are causal. However, the use of compositional data limits the identification of causality using 

MWAS results (Vollmar et al., 2020). 

Microbial trait predictions 

When the microbiability of a quantitative trait is greater than zero, microbiome information can 

be used to predict the trait phenotypes by microbial best linear unbiased prediction (MBLUP) 

(Camarinha-Silva et al., 2017) or by machine learning approaches (e.g., Maltecca et al., 2019). 

This requires a large reference population comparable to genomic selection. 

In most studies, MBLUP has similar or even higher prediction accuracy than comparable 

genomic BLUP for the same feed efficiency characteristics (e.g., Verschuren et al., 2020, 

Weishaar et al., 2020, Haas et al., 2022). The main difference between microbial and genomic 

trait predictions is that the microbial predictions are not stable because the microbiota 

composition varies with the section of the GIT, animal age, and environmental factors (see 

Figure 1) (Maltecca et al., 2020; Weishaar et al., 2020). Part of the microbial composition is 

determined by host genetics. Hence, there exists an overlap when selecting either microbial 

or genomic prediction values (Ross and Hayes, 2022). 

Hologenomic Approach 

Host genetics and the gastrointestinal microbiota can influence quantitative traits. 

Simultaneously, the microbiota composition in the GIT is influenced by host genetics, which 

means that there exists a relationship between these three features (Figure 3). In most of the 

studies, these pathways were considered separately, either as genomic or microbial 

phenotypic predictions. However, we know that genetic and microbial variance are not 
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independent, and therefore, to consider both direct genetic effects on a phenotype and indirect 

genetic effects via the microbiota, it may be beneficial to consider them together in a 

hologenomic approach. Therefore, the hologenome represents the entirety of the DNA of the 

host (host genome) and the DNA of the gut microbiota (metagenome) (Bordenstein and Theis, 

2015; Estellé, 2019). 

 

Figure 3 Relationships between efficiency traits, host genetics, and gut microbiota. 

The simplest conceivable method would be to put the genomic and microbial relationship 

matrices together in a mixed linear model, as was done, for example, in Aliakbari et al. (2022) 

and Déru et al. (2022b). However, the problem is that interactions with independent covariates 

between markers and microbial features are not computable. Several studies have developed 

different methods to address this problem, and a brief overview is given in the following. 

Weishaar et al. (2020) developed a two-step method that first used a microbial linear mixed 

model to predict the animal microbiota effect of the respective trait from microbial abundances 

and then a genomic linear mixed model to predict SNP effects for the previously predicted 

animal microbiota effect of the trait. This method does not consider the genetic effects that 

directly affect the corresponding trait (not via the microbiome). For this reason, the authors 

used a selection index to separate the proportion of genes that influence the microbiota effects 

of a trait and the proportion of genes that directly influence the trait but not the microbes. This 

addresses the genes that explain the trait not only directly through a change in metabolic 

pathways but also indirectly through a change in the composition of the gut microbiota. This 

method was implemented to place more weight on the breeding values explained by the 

digestive pathway rather than the metabolic pathway, and selective breeding becomes 

possible. A related method was developed by Christensen et al. (2021). In their study, the 

authors decomposed the breeding value of a quantitative trait into two genetic effects by 

directly estimating the microbiota-mediated breeding value and the residual breeding value of 

a trait, i.e., the genetic effects of the trait, without the genetic effects via the microbiome. The 

difference between the two methods is that Christensen et al. (2021) estimated the residual 

breeding value in a linear mixed model, whereas Weishaar et al. (2020) did so in a final step 

via the selection index. Khanal et al. (2020), Pérez-Enciso et al. (2021) and Qadri et al. (2022) 
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considered both microbial features and host genetics together in one model and implemented 

different forms of interactions between host genomes and microbiomes. 

The hologenomic selection approach mentioned above might enable the differentiated 

selection of the acquisition and reallocation process in animal efficiency. The goal is to adapt 

the trait-specific microbial colonization in the GIT to put more weight on the acquisition pathway 

for better utilization or usability from feed components that can then be used in the 

bloodstream. This should somewhat reduce selection for metabolic efficiency, which creates a 

discrepancy between animal performance and health (Huber, 2018). However, metabolites 

produced by microorganisms can also alter the metabolic pathways of animals by producing 

short chain fatty acids. Thus, microbiota can also affect the metabolic effect, not just the 

digestive effect of efficiency (Weishaar et al., 2020). Hologenomic approaches considering 

only single traits and the interactions with other phenotypic expressions are of course not 

considered, and this still requires much research, but a first foundation to implement this in 

breeding practice has been developed. In general, across the different studies, an 

improvement in the accuracy of trait prediction was observed when microbial data were 

included (e.g., Déru et al., 2022b; Khanal et al., 2020). However, there is still much room for 

improvement in the statistical representation of the covariance between the gastrointestinal 

microbiota and host genetics in terms of phenotypic traits. 

The composition of the gut microbiota is partially under the genetic control of the host and can 

be used to improve genomic predictions of efficiency traits. Thus, it appears that the gut 

microbiota acts as a mediator between host genetics and efficiency traits, and it seems that 

the host genetic effect of efficiency traits is composed of a direct genetic effect of the trait and 

an indirect genetic effect via the modeling of the gut microbiota composition. 

Are Gut Microbes the Causal Drivers of Efficiency Traits? 

A tool to differentiate direct and indirect effects between traits is structural equation models 

(SEM), as introduced in animal breeding by Gianola and Sorensen (2004). These authors used 

structural coefficients between trait combinations in multivariate mixed model equations to 

estimate the rate of change of trait i through the recursive influence of trait j, i.e., the rate of 

change of trait i by the change of one unit of trait j (Figure 4). 

 

Figure 4 Recursive (directional) relationship between traits. 
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The combination of phenotypes, host genetics, and microbial data in structural equation 

concepts was done in most cases by using a linear mixed model approach, where the microbial 

features were considered as phenotypic trait records. First, it was published by Saborío-

Montero et al. (2020) in methane emissions in dairy cows and by Haas et al. (2022) in 

phosphorus utilization and related traits in Japanese quail as a model species. Low to high 

unidirectional relationships were found depending on the host species and traits under 

consideration. Tiezzi et al. (2021) also confirmed direct and microbiome-mediated host 

genomic effects on backfat traits in swine by using GWAS and MWAS in a causal framework. 

Looking at a pool of different correlated phenotypes, dependencies or causal relationships 

between the traits are not easy to identify, e.g., does the animal consume more food to perform 

as genetically predisposed or does the animal perform because of increased feed intake. 

Bayesian networks can be used to detect such complex directional relationships between 

characteristics with a large dataset. Model residuals are used to remove any confounding 

variables such as gender, herd effect, test day effect, additive genetic effects, etc., that might 

distort the network (Rosa et al., 2011). By using a Bayesian learning algorithm, we found a 

stable causal network for three efficiency traits (body weight gain, phosphorus, and calcium 

utilization), one bone ash trait (tibia ash), and two microbial phyla (Firmicutes and 

Actinobacteria) in an F2-cross of 750 Japanese quail (Figure 5). Numbers on the arrows are 

bootstrap sample proportions (50,000 samples) indicating an existing arc (figures on the left) 

and the proportion of the direction (figures on the right). The causal structure between the 

efficiency and ash traits is logical from a biological point of view, but the connection with 

microbial features is novel. 



CHAPTER FOUR 
 

 107 

 

Figure 5 Causal network obtained from a Bayesian network learning algorithm (PU: 

phosphorus utilization, CaU: calcium utilization, BWG: body weight gain). 

Such causal networks can then be used in conjunction with SEM to quantify unidirectional 

relationships, which shows how host genomes can be used to map and understand causal 

structures among quantitative and microbiota traits. These results of the SEM can then be 

extended to SEM-GWAS on the basis of the causal network in connection to a GWAS, where 

the differentiation of SNP effects into direct and indirect effects can be performed (Momen et 

al., 2019; Pegolo et al., 2020). Many indirect SNP effects, which directly influence an upstream 

trait and exert an indirect influence via the recursive relationship, are probably not detected by 

a classical GWAS (Tiezzi et al., 2021). 

Outlook: Further Trait Complexes for Hologenomic Breeding 

The studies undertaken thus far in poultry and pigs have mainly considered feed or nutrient 

efficiency-related traits. Considering the effects of the microbiota on animal health, microbial 

colonization in the gut is closely linked to the immune system, e.g., the energy supply of the 

immune system through the production of short-chain fatty acids and the anti-infection barrier 

by inhibiting pathogens (Diaz Carrasco et al., 2019; Shang et al., 2018). Future breeding 
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strategies for improved immune systems could consider microbial colonization in the GIT and 

stabilize a natural barrier to unwanted microorganisms, especially in the gut habitat (Yegani 

and Korver, 2008). For example, in poultry production, Salmonella and Campylobacter are 

unwanted microorganisms with zoonotic potential and some antibiotic resistance (Shang et al., 

2018). Other studies have considered the GIT microbiota in terms of complex behavioral 

characteristics such as feather pecking or aggressive pecking (e.g., van der Eijk et al., 2020, 

Borda-Molina et al., 2021, Mindus et al., 2021). The authors argued that certain 

microorganisms in the GITs of animals can influence behavior or stress response via hormonal 

changes through the gut-brain axis. A broader consideration of social or hormonally influenced 

behaviors in relation to microbiota composition may become more important in the future. 

However, such concepts still need substantial research. 

Further development or increased research in the field of hologenomic selection for metabolic 

and digestive efficiency could possibly also enable a better understanding of the current 

welfare debate in poultry breeding. An example could be keel bone fractures in laying hens, 

since phosphorus utilization is influenced by the gut microbiota (Haas et al., 2022; Vollmar et 

al., 2020) and tibia and foot ash have significant microbiabilities (not yet published). 

The collection of gastrointestinal microbiota data for trait prediction is not easy to capture, and 

for some phenotypic observations, the useability of simple fecal samples is restricted. The 

main absorption in the GIT takes place in the small intestine. However, microbiota sampling in 

this section on live animals is invasive or can only be cultured from dead animals, which is why 

fecal samples are used in many studies (e.g., Déru et al., 2022b). A potential way would be 

the prediction of microbial information of the desired gut section via microbiota from 

noninvasive sampling, e.g., cloaca samples. Andreani et al. (2020) found, for example, that 

cloaca samples are good for predicting cecal microbiota in chickens, which needs further 

investigation. Another solution would be to collect only standardized DNA samples from 

selection candidates and, together with a large reference population with known microbiota, 

host DNA, and phenotypic information, predict the phenotypes of the selection candidate. This 

restricts one to what is possible from a breeding point of view. A way to do so is the 

hologenomic selection approach discussed above. In the future, technical sampling solutions 

such as osmotic pills, which are inserted into the GIT by mouth and can take samples in the 

desired section using an external magnet, may play a role (Rezaei Nejad et al., 2019). 
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Conclusion 

Part of the gastrointestinal microbiota is influenced by host genetics, which allows for breeding. 

The microbial composition in turn influences some quantitative traits, and the microbiota thus 

acts as a mediator between host genetics and quantitative traits. The consideration of the 

microbial composition could therefore be worthwhile in breeding approaches. Challenges 

include the expensive and laborious microbial phenotyping of high numbers of animals and the 

lack of understanding of the relationship between complex quantitative traits and the GIT 

microbiota. 
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GENERAL DISCUSSION 

The overriding reason for this work was the potential improved utilization of phosphorus (P) 

from feed components through genetic and microbial adaptation. This may result in savings of 

mineral P as supplemental feed and thus a lower environmental impact of livestock, especially 

poultry production. The experimental design was conducted using an F2 cross of Japanese 

quail (Coturnix japonica) as a model species of agriculturally important poultry species. All 

animals were genotyped with a 4k SNP chip, the phenotypes were recorded, and the ileal 

microbiota compositions were quantified. Previous studies confirmed the influence of host 

genetics and gastrointestinal microbiota composition on P utilization (PU) and related 

quantitative traits. Further consideration of the relationships between host genetics, 

gastrointestinal microbiota composition and quantitative traits was elaborated. This thesis has 

been divided into four main chapters. 

Chapter one constructed a genetic linkage map based on genome-wide genotypes and 

examined quantitative traits by applying quantitative trait loci (QTL) linkage mapping. Several 

significant QTL regions with trait-associated markers could be detected, and potential 

candidate genes located within the identified QTL regions were found. In addition to 

performance traits, bone ash traits that were correlated with the focal trait PU were considered. 

Chapter two incorporated gastrointestinal microbiota as a source of information and 

complemented a previous study that was part of the same project (Vollmar et al., 2020) to 

investigate the links between host genetics, gastrointestinal microbiota and quantitative traits. 

The host genetic influence on ileal genera was demonstrated by significant heritabilities and 

QTL linkage analyses. Using causal relationships between heritable genera and efficiency 

traits, as well as the confirmed usability of a hologenomic selection approach for the 

investigated traits, the mediator property of gastrointestinal microbiota between host genetics 

and efficiency traits was confirmed. 

Chapter three used Bayesian networks to uncover causal relationships between microbial 

features and efficiency traits. With structural equation model association analyses, total SNP 

effects on a trait were divided into direct and indirect effects mediated by upstream traits. 

Chapter four was an invited review of microbial genetic-statistical studies of poultry and pigs. 

In this review important analyses and approaches were discussed. 

This general discussion provides additional results of the analyses of bone ash traits and 

genomic analyses of microbial features and debates the usability of microbial features in 

Bayesian network analyses and discusses the general findings across the chapters.  
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Microbial Analysis of Bone Ash Traits 

In addition to PU and related efficiency traits, bone ash traits of the foot and tibia were 

investigated in chapter one. Bone ash consists mainly of calcium (Ca) and P (Darwish et al., 

2017), and the genetic correlations between PU and bone ash traits reflect the genetic links 

(Künzel et al., 2019). The genetic correlations between PU and the four bone ash traits are all 

at a similar level approximately 0.5 (Künzel et al., 2019). Multiple significant QTL regions were 

found for these ash traits, suggesting a polygenic origin (chapter one). In the previous study 

of Vollmar et al. (2020), the microbiabilities of the efficiency traits used in chapter one were 

estimated. Microbial influence was confirmed for PU, feed intake, feed per gain, and body 

weight gain but not for Ca utilization (CaU). PU was found to have a significant microbiability 

of 0.15 (Vollmar et al., 2020). Microbial influence on bone ash traits was confirmed by 

estimating significant microbiabilities (Table 1) using the microbial linear mixed model (Model 

5) from chapter two, i.e., the proportion of phenotypic variance explained by microbial 

composition (see chapter four). The significance of the microbiabilities was tested by 

conducting a likelihood ratio test on the random animal effects in the same way as it was done 

for the heritabilities in chapter two with Model 1. 

For completeness, the microbiability of P retention (PR) is shown in Table 1, as this has not 

yet been published from our dataset and is a substantial part of chapter three. 

Table 1 Microbiabilities (𝑚2) from the microbial linear mixed model (Model 5) in chapter two 

with standard errors (SE) and P values. 

Trait 𝑚2 SE P value  
Phosphorus retention 0.11 0.04 < 0.001  
Tibia ash (mg) 0.02 0.08 0.153  
Tibia ash (%) 0.16 0.09 < 0.001  
Foot ash (mg) 0.03 0.09 0.121  
Foot ash (%) 0.20 0.06 < 0.001  

These microbiabilities (Table 1) show that part of the phenotypic variance of the bone ash traits 

of total dry matter content (tibia ash % and foot ash %) can be explained by the composition 

of the gastrointestinal microbiota. The results of total tibia and foot ash in mg do not depend 

on the microbial composition of the animals’ ileum from our dataset. One explanation might be 

that the bone ash proportion of the total dry matter contains other bone components that are 

potentially microbially affected. The correlations between tibia ash in mg and % are genetically 

0.59 and phenotypically 0.57, and between foot ash in mg and % are genetically 0.69 and 

phenotypically 0.59 (Künzel et al., 2019).  

Bone stability in poultry is dependent on bone mineralization (e.g., Jansen et al., 2020; Alfonso-

Carrillo et al., 2021), which requires the major minerals Ca and P (Darwish et al., 2017). Low 
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mineralization for various reasons can decrease bone stability, which can frequently manifest 

in laying hens in the form of keel bone fractures (Toscano et al., 2020). The study of Sjögren 

et al. (2012) and Rodrigues et al. (2012) found that bone mineral density is regulated by the 

gut microbiota in mice and rats. Other studies reviewed the potential influence of gut microbiota 

on bone metabolism in chickens (Chen et al., 2022).  

Considering the microbiabilities of PU and bone ash traits and the prevalence of fractures in 

poultry housing, it might be worth investigating the microbiota in the GIT of the animals. For 

more in-depth analyses on this animal welfare topic, the additional use of phenotypes such as 

egg performance, eggshell quality, classification of keel bone fractures as in Fleming et al. 

(2000), for example, or bone breaking strength as in Santos et al. (2022), for example, could 

be beneficial. Approaches such as the hologenomic selection approach developed by 

Weishaar et al. (2020) for efficiency traits could be interesting for further investigations of 

fractures in poultry. 

Use of Microbial Data in Quantitative Analyses 

Microbial data are compositional data with a high number of low relative abundances and many 

animal-specific zero values (Pawlowsky-Glahn et al., 2015). Considering the use of microbial 

data as quantitative traits, for example, in the study of causal relationships (chapters two and 

three), the causal structures are useable to explain the up to high correlations between some 

microbial features and efficiency traits. Since correlations are not causalities, the use of 

Bayesian networks and the modeling of structural equations allows a differentiated 

consideration. However, it should be noted that the use of compositional data as phenotypes 

may complicate the detection of causal relationships. 

Thus, the use of superordinate microbial features as quantitative traits is limited but not 

impossible. It depends mainly on the number of animal-specific zero values. From our 

analyses, we were able to determine that the use of superordinate microbial features can 

require a higher computational capacity, the results can be more unsteady, and care should 

be taken to ensure that the statistical models converge. For example, a stable Bayesian 

network with two microbial genera is shown in Figure 1. The genera Bacillus and Leuconostoc 

were studied together with performance and bone ash traits. Model 1 from chapter three was 

used to estimate the model residuals of the characteristics. Because of convergence problems 

of Model 1, the network (Figure 1) should be interpreted with caution and serves as an 

illustration of the limitations. In addition, it should be noted that some priorities can be set in 

such Bayesian networks to facilitate network discovery or avoid trivial safe dependencies, 

especially when using small sample sizes. Examples are given in Figure 1 with the use of 
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compositional data of different microbial features (Bacillus and Leuconostoc) or biologically 

improbable interactions (tibia and foot ash). 

 

Figure 1 Bayesian network structure resulting from the Hill-Climbing learning algorithm (PU: 

Phosphorus utilization, CaU: Calcium utilization, Foot ash %, Tibia ash %, microbial genus 

Bacillus and Leuconostoc). The numbers are bootstrap sample proportions (50,000 samples), 

indicating an existing arc between the variables (left figures) and the proportion of this direction 

of the arc (right figures). 

The convergence problems could be solved with lower classification levels, as was done in 

chapter four with the use of microbial features at the phylum level or with a microbial 

interaction feature such as the alpha diversity index (chapter three). From a phenotypic point 

of view, subordinate microbial features such as phyla are clustered superordinate ones due to 

taxonomic assignment (see chapter four). To find possible drivers of the observed 

phenotypes, it makes more sense from the point of view of causal agent identifiability to include 

no clustered microbial information in network analyses. However, the GIT microbiota occurs 

as a community with a high degree of interaction, which complicates the identifiability of single 

microbial drivers (Li, 2015). The alpha diversity index used in chapter three considers these 

interactions within the microbial community in the GIT (Pielou, 1966).  
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Apart from ethical aspects, well-thought-out animal designs with high sample sizes combined 

with high computational capacity would be beneficial to generate powerful results to further 

expand such Bayesian network studies. 

Subordinate Microbial Features 

For further classification of the results shown thus far, the heritability estimates at the phylum 

level are listed below. The microbial phyla partly used in the Bayesian network analysis in 

chapter four showed heritabilities between 0.05 and 0.11 (Table 2). They were calculated in 

the same way as the heritabilities of the microbial genera in chapter two. Only phyla with an 

average relative abundance of > 0.001 were examined. Each microbial phylum was 

transformed to an approximate Gaussian distribution using Box‒Cox transformation with 

individual transformation parameters (Table 2); for more information, see chapter two. The 

results of the heritabilities at the phylum level are higher than those published in Zhou et al. 

(2022) for chicken fecal samples. 

Table 2 Heritabilities of bacterial phyla, with average relative abundances (mean RA), standard 

errors (SE), P values, and the individual Box‒Cox transformation parameters (Lambda). 
Phylum1 Mean RA h² SE P value Lambda (Box‒Cox) 

Firmicutes 83.25  0.11 0.06 < 0.001 2.97  

Proteobacteria 14.30  0.09 0.05 < 0.001 0.39  

Actinobacteria 1.65  0.09 0.05 < 0.001 0.01  

Bacteroidetes 0.70  0.05 0.04 0.059 -0.11  
1 all microbial phyla with relative abundance (RA) > 0.001 

QTL linkage mapping at the phylum level was performed in the same way as in chapter two 

at the genus level. The results of the QTL linkage mapping scans are illustrated in Figure 2. 

Two significant QTL regions were found for the four phyla studied, one each for Actinobacteria 

and Proteobacteria (Table 3). 
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Figure 2 Plots of the QTL linkage mapping scan of microbial phyla, with LOD score as the test 

statistic. The red and green lines correspond to genome-wide significance levels of 5 and 10%, 

respectively. 

The bacterial phylum Proteobacteria is the subordinate group of the genus 

Escherichia/Shigella investigated in chapter two. Both had a significant QTL region on 

Coturnix japonica chromosome (CJA) 24 with overlapping support intervals. 

Table 3 QTL linkage mapping results at the phylum level. 

    Support interval borders (cM) 
Trait CJA Pos (cM) LOD Low High 
Proteobacteria 24 0  4.65** 0 8 
Actinobacteria 4 101 3.59* 69 106 

Position (Pos) in cM of 5% (*) and 10% (**) genome-wide significant QTL on the Coturnix japonica 
chromosome (CJA), with LOD score test statistic (LOD) and the corresponding QTL support intervals in 
cM. 

In chapter four, a stable Bayesian network is shown with two microbial features at the phylum 

level (Actinobacteria and Firmicutes). Both bacterial phyla affect tibia ash, CaU and BWG 

directly, and indirectly via the connection between these performance traits. PU affects the 

three performance traits directly but is not affected by the two phyla. The microbial effect on 

bone ash traits supposed in the general discussion above can be confirmed from the 

Bayesian network analyses from chapter four. 
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Hologenomic Modeling 

In chapter two, we investigated the hologenomic approach developed in Weishaar et al. 

(2020) with our dataset for efficiency traits in Japanese quail. Three competing studies, which 

were mentioned in chapter four, considered both the microbial features and the host genetics 

together in one model because of interdependency. 

As mentioned in chapter four, no exact interaction between markers and microbiota features 

can be calculated if the covariances are specified as independent. Therefore, Khanal et al. 

(2020) developed a model with a genomic (G) and microbial relationship matrix (M) and an 

additional interaction term GM  that generates a covariance function. Statistically, this 

interaction means that the similarity between datasets is due to similarity of both the host 

genetics and the intestinal microbial composition. This interaction approach is similar to the 

models of genotype-by-environment interactions, where the intestinal microbial component 

corresponds to the environmental component. Translated into a biological explanation that 

allele substitution effects for each marker depend on the intestinal microbiota composition, and 

conversely, that microbial effects depend on the host genotype. Pérez-Enciso et al. (2021) and 

Qadri et al. (2022) also followed similar approaches for different forms of interaction between 

the host genome and microbiome in cattle. Qadri et al. (2022) for example, used Cholesky 

decomposition and the Hadamard product to model interactions. 

However, the scientific community has not yet agreed on which models or interactions the 

relationships between the microbial and the genetic information of the animals can be correctly 

mapped together in a statistical model. 

Gut Microbiota Development 

The egg is the first potential microbiota source of hatching chicks. Before oviposition, the eggs 

are colonized with many microbes on their way through the reproductive tract and cloaca of 

hens (Lee et al., 2019). Therefore, the eggshell could play an important role in microbial 

colonization in the gut of chicks during hatching (Maki et al., 2020). It can be assumed that 

colonization from the shell to the embryo or chick takes place from brooding day 4 or 5 and 

during hatching (Reu et al., 2006; Gantois et al., 2009). Due to the disinfection of hatching 

eggs and the high hygiene status in hatcheries, vertical transmission of microbiota to chicks is 

limited (Stanley et al., 2013). If the eggs are disinfected as usual, the native maternal microbial 

colonization component is reduced. For the animals to develop their genetic potential of 

microbial colonization of the gastrointestinal tract, an early administration of probiotics (before 

hatching) would have a positive effect on the performance and utilization characteristics 

(Baldwin et al., 2018). The injection of native beneficial microbiota from healthy adults 

positively affected the immunity and performance of young chicks (Roto et al., 2016), and early 
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bacterial settlers can influence the entire development of the microbial gut flora (Nakphaichit 

et al., 2011). 

To the best of our knowledge, in our study design, quail eggs were not disinfected before 

breeding. Vertical transmission was thus not reduced in any way. Additionally, we observed 

Japanese quail in a strong growth phase on the 10th to 15th day of life in the juvenile stage 

before puberty with some sexual changes, such as egg production (Balthazart et al., 2009; 

Narinc et al., 2013). Borda-Molina et al. (2020) and Zhao et al. (2013) found significant 

differences in the microbial colonization of the ileum of quail between sexes. We could not 

confirm this in our study, and the effect of sex effect was not significant. Therefore, sex was 

excluded from our analyses. 

Microbial colonization in the GIT of animals is influenced by numerous external and internal 

factors (see chapter four). By using microbial information for trait predictions, for example, the 

predictors are not stable among different animal ages, GIT sections or environmental factors. 

Therefore, comparisons between different animals at different ages or in different 

environments should be performed with caution. In the case of our study, standardized 

procedures were advantageous in the experimental design and the subsequent interpretation 

of the results. 

Concluding Remarks 

In this thesis, PU and related traits were detected as typical quantitative traits, the 

gastrointestinal microbiota was confirmed to be partially heritable, and causal relationships 

between the gastrointestinal microbiota and quantitative traits were quantified. It became 

apparent that genes influence parts of the gastrointestinal microbiota and thus can be used for 

trait predictions and potential selective breeding via an adapted gastrointestinal microbiota 

composition. We can also state that parts of the gastrointestinal microbiota can be classified 

as mediators between host genetics and quantitative traits. Directional relationships between 

different performance traits and microbial features were decoded using Bayesian network 

analysis. Based on these Bayesian networks and structural equation models, the possibility of 

identifying and separating SNP effects into direct and indirect effects of mediating microbial 

features and other mediating traits was shown.  

In conclusion, we can state that PU is influenced not only by host genetics but also by parts of 

the gastrointestinal microbiota. The thesis confirmed the relationships between host genetics, 

gastrointestinal microbiota and efficiency traits. 
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