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The potential of microbiota information 
to better predict efficiency traits in growing pigs 
fed a conventional and a high-fiber diet
Vanille Déru1,2*  , Francesco Tiezzi3  , Céline Carillier‑Jacquin1  , Benoit Blanchet4, Laurent Cauquil1  , 
Olivier Zemb1  , Alban Bouquet5  , Christian Maltecca6   and Hélène Gilbert1   

Abstract 

Background Improving pigs’ ability to digest diets with an increased dietary fiber content is a lever to improve 
feed efficiency and limit feed costs in pig production. The aim of this study was to determine whether informa‑
tion on the gut microbiota and host genetics can contribute to predict digestive efficiency (DE, i.e. digestibility 
coefficients of energy, organic matter, and nitrogen), feed efficiency (FE, i.e. feed conversion ratio and residual feed 
intake), average daily gain, and daily feed intake phenotypes. Data were available for 1082 pigs fed a conventional 
or high‑fiber diet. Fecal samples were collected at 16 weeks, and DE was estimated using near‑infrared spectrom‑
etry. A cross‑validation approach was used to predict traits within the same diet, for the opposite diet, and for a 
combination of both diets, by implementing three models, i.e. with only genomic (Gen), only microbiota (Micro), 
and both genomic and microbiota information (Micro+Gen). The predictive ability with and without sharing common 
sires and breeding environment was also evaluated. Prediction accuracy of the phenotypes was calculated as the cor‑
relation between model prediction and phenotype adjusted for fixed effects.

Results Prediction accuracies of the three models were low to moderate (< 0.47) for growth and FE traits 
and not significantly different between models. In contrast, for DE traits, prediction accuracies of model Gen were 
low (< 0.30) and those of models Micro and Micro+Gen were moderate to high (> 0.52). Prediction accuracies were 
not affected by the stratification of diets in the reference and validation sets and were in the same order of magnitude 
within the same diet, for the opposite diet, and for the combination of both diets. Prediction accuracies of the three 
models were significantly higher when pigs in the reference and validation populations shared common sires 
and breeding environment than when they did not (P < 0.001).

Conclusions The microbiota is a relevant source of information to predict DE regardless of the diet, but not to pre‑
dict growth and FE traits for which prediction accuracies were similar to those obtained with genomic information 
only. Further analyses on larger datasets and more diverse diets should be carried out to complement and consoli‑
date these results.
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Background
Currently, feed costs in pig production represent 
between 60 and 70% of the total cost of pork production 
[1]. Feeding pigs with by-products from the agri-food 
and biofuel industry is an option to reduce feed costs and 
feed-food competition. In this context, feed efficiency 
(FE) remains the primary objective of selection. However, 
recent research has suggested that digestive efficiency 
(DE), which is the proportion of ingested feed absorbed 
by the digestive tract, could further improve FE, espe-
cially with alternative feedstuff [2]. DE is influenced by 
the host genetics [2], and has significant genetic correla-
tions with some fecal microbiota traits [3]. Furthermore, 
fecal microbiota can explain more than 44% of the phe-
notypic variation for DE traits in pigs [4, 5], and around 
20% for FE traits [5–7]. Several studies have investigated 
the impact of adding microbiota information in models 
to predict FE and growth phenotypes in pigs. For exam-
ple, when microbiota information was added to the 
model to predict average daily gain (ADG), feed conver-
sion ratio (FCR), and daily feed intake (DFI) adjusted for 
fixed effects, Camarinha-Silva et  al. [6] reported low to 
moderate prediction accuracies (between 0.33 and 0.41) 
and Aliakbari et al. [7] reported moderate to high predic-
tion accuracies (between 0.56 and 0.64). For residual feed 
intake (RFI), prediction accuracies were also moderate, 
around 0.55 [7]. In the study by Camarinha-Silva et  al. 
[6], prediction accuracies for FE and growth traits were 
higher when microbiota information was added than 
when host genetics information was added in the model. 
Similar findings have been demonstrated in rabbits, with 
an increase from 20 to 46% in prediction accuracy of 
phenotypes adjusted for fixed effects when microbiota 
information was added into mixed models [8]. For DE 
traits in pigs, only one study has reported moderate to 
high prediction accuracies for organic matter (0.43), dry 
matter (0.42), and crude protein (0.63) when microbiota 
information was added to the model [4]. Thus, adding 
microbiota information could be promising for predict-
ing FE traits in pigs. However, to the best of our knowl-
edge, no study has compared the prediction accuracies 
of DE traits obtained when microbiota and host genetics 
information are included in the model. Furthermore, the 
impact of the diet on prediction accuracies for FE and DE 
traits has not been reported in the literature. As the com-
position of the gut microbiota is influenced by the diet 
and the environment [9–12], it is relevant to disentangle 
the effects of both factors on prediction accuracy for FE 
and DE traits.

The goals of the present study were: (1) to evaluate 
and compare the ability of adding gut microbiota com-
position and host genetics information to predict DE, 
FE, and growth traits, and also the impact of including 

or not gut microbiota composition in the model on 
the accuracy of estimated breeding values (EBV), and 
(2) to evaluate the impact on prediction accuracies of 
training the models on different diets and breeding 
environments.

Methods
The study was conducted in accordance with the French 
legislation on animal experimentation and ethics. The 
certificate of Authorization to Experiment on Living Ani-
mals was issued by the Ministry of Higher Education, 
Research and Innovation to conduct this experiment 
under reference number 2017011010237883 at INRAE 
UE3P—France Génétique Porc phenotyping station 
(UE3P, INRAE, 2018. Unité expérimentale Physiologie 
et Phénotypage des Porcs, France, https:// doi. org/ 10. 
15454/1. 55739 32732 03992 7E12).

Experimental design
In this study, we used the same data as in Déru et al. [13]. 
In total, 1942 purebred Large White (LW) male pigs were 
reared in 35 consecutive batches between 2017 and 2018 
at the INRAE UE3P France Génétique Porc phenotyp-
ing station under two dietary conditions. The study was 
designed to maximize the genetic relationship between 
the datasets obtained with the two diets: in each pair of 
full sibs of homogeneous weights, one was fed with a 
conventional (CO) diet and the other with a high-fiber 
(HF) diet. All pigs were obtained from 171 sires that were 
representative of those used in the French Large White 
collective breeding scheme, and each pair of full-sibs 
came from a different dam.

Housing conditions and management of pigs are 
described in detail in Déru et  al. [13]. Briefly, upon 
arrival, pairs of full sibs were separated and allotted in 
pens of 14 animals. Pigs were raised in post-weaning 
facilities until 9  weeks of age and fed with a standard 
two-phase post-weaning dietary sequence. Then, they 
were moved to the growing-finishing pens without mix-
ing until they reached slaughter weight (i.e. a body weight 
of 115 kg). For each pair of full sibs, one of the siblings 
was fed the conventional (CO) diet and the other one was 
fed a high-fiber (HF) diet. The detailed diet composition 
is presented in the next section. Each growing-finishing 
pen contained a single-place electronic feeder equipped 
with a weighing scale (Genstar, Skiold Acemo, Pontivy, 
France) to record feed intake and individual body weight 
of an animal at each visit to the feeder. At a body weight 
of 115 kg, pigs were fasted for 24 h and then transported 
to the slaughterhouse. Animals were slaughtered in 89 
slaughter batches of approximately 19 pigs each.

https://doi.org/10.15454/1.5573932732039927E12
https://doi.org/10.15454/1.5573932732039927E12
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Diets
During the growing-finishing phase, the two sets of pigs 
were fed two different two-phase rations. First, a growing 
diet was distributed, then a 5-day transition was organ-
ized at 16 weeks of age, and a finishing diet was provided 
until the end of the test. The HF diet included both insol-
uble and soluble dietary fibers. The detailed composi-
tion of the CO and HF diets is described in Déru et  al. 
[13]. Based on feed formulation, the diets differed in net 
energy (NE), with 9.6 MJ/kg for the CO diet and 8.2 MJ/
kg for the HF diet in both phases (growing and finishing). 
The diets also differed in neutral detergent fiber (NDF), 
which was between 13.90 and 15.12% for the CO diet and 
between 23.82 and 24.46% for the HF diet in the growing 
and finishing phases. The digestible lysine/NE ratio was 
identical in both diets, with 0.97–0.99  g/MJ NE in the 
growing phase and 0.83 g/MJ NE in the finishing phase.

Recorded traits and sampling
Average daily gain (ADG) and DFI were measured for 
each animal between 35 and 115  kg body weight. ADG 
was computed as the ratio between body weight gain and 
number of days on test. Two FE traits were measured: 
FCR and RFI. FCR was calculated as the ratio between 
DFI and ADG and was expressed in kg/kg. RFI, which is 
the difference between the recorded average daily feed 
intake and the average daily feed intake predicted for 
maintenance and production requirements, was deter-
mined for the two diets by a single multivariate linear 
regression using the R software [14] of DFI on ADG, lean 
meat percentage and carcass yield recorded at slaugh-
ter, and average metabolic body weight as described in 
Déru et al. [13]. Pigs that experienced health problems or 
injury during the test period were in equal proportion in 
the two diet groups and were discarded from the analysis. 
Of the 1942 pigs included in the experiment, 1663 had 
data available for FCR, ADG, and DFI. Data for RFI were 
available for 1595 pigs.

DE and fecal microbiota composition were also deter-
mined for the animals included in this study. A unique 
fecal sample was collected at 16 weeks of age, just before 
the feed transition between the growing and finishing 
phases, for DE determination and microbiota compo-
sition analyses. Feces were collected in a piping bag for 
each pig and manually homogenized. About 50 g of feces 
were stored in plastic containers at − 20  °C until fur-
ther analyses to predict DE traits. Samples were freeze-
dried and ground with a grinder (Grindomix GM200, 
Retsch). Then, DE was computed using digestibility coef-
ficients (DC) that represent the proportion of nutrients 
absorbed by the digestive tract, including energy, nitro-
gen, and organic matter. DC were predicted using near 

infrared spectrometry (NIRS) analyses of these samples, 
as described in detail in Déru et  al. [2]. The prediction 
equations for DC of organic matter, nitrogen, and energy 
were reliable, with cross-validation R2 values higher than 
0.89 [15]. Data for DC were available for 1242 of the pigs 
included in the experiment, with 654 fed a CO diet and 
588 fed an HF diet.

Another fraction of the feces samples was used to 
assess microbiota composition for each pig, as described 
in the next section.

Preparation and sequencing of microbiota DNA
As an approximation for the gut microbiota composi-
tion, fecal samples were collected since the compositions 
of the fecal microbiota and the large intestine are similar 
[16]. Microbiota composition was analyzed by sequenc-
ing the ribosomal 16S gene. The details of the prepara-
tion and sequencing of microbiota DNA are in Déru 
et al. [3], and briefly summarized in the next paragraph. 
The V3–V4 regions of 16S rRNA were sequenced. Fil-
tering and trimming of the high-quality sequence reads 
were done using the DADA2 package in the R software 
[17]. Chimeras were removed, and no further clustering 
was applied, thus in this study, operational taxonomic 
units (OTU) were equivalent to amplicon sequence vari-
ants. Subsequently, the final OTU abundance table was 
obtained. This step was followed by taxonomic anno-
tation using the assignTaxonomy function of DADA2 
with the Silva v132 database [18]. The file obtained was 
rarefied to 10,000 counts per sample using the phyloseq 
package [19] and information was available for 1564 pigs. 
In total, 14,366 OTU were kept in the abundance tables 
for 812 pigs fed the CO diet and 752 pigs fed the HF diet. 
Sequence information for the current study was depos-
ited in the Short-Read Archive with accession number 
PRJNA741111.

Genotyping
In total, 1691 animals were genotyped with the 70K sin-
gle nucleotide polymorphism (SNP) GeneSeek GGP Por-
cine HD chip. Quality control (QC) was carried out using 
the following criteria: a call rate per individual, i.e., the 
percentage of genotypes present per individual, higher 
than 95%, and a SNP call rate, i.e., the percentage of gen-
otypes by SNP, higher than 95%. SNPs with a minor allele 
frequency lower than 5% or with a significant deviation 
from the Hardy–Weinberg equilibrium (P < 0.000001) 
and SNPs on sex chromosomes or not mapped were 
deleted. This QC was performed with the PLINK 1.09 
software [20]. After QC, 1687 animals and 48,919 SNPs 
were available for further analyses.
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Prediction of phenotypes using microbiota and genomic 
data
Only animals with microbiota, genomic, and phenotypic 
information for the ADG, DFI, FE, and DE traits were 
kept for subsequent analyses, which represented 1082 
animals in 32 batches, including 566 animals fed the CO 
diet and 516 animals fed the HF diet.

Microbiota and genomic covariance matrices
To account for the microbiota and genetic effects in the 
linear mixed models, a microbiota covariance matrix 
(M) and a genomic relationship matrix (G) were obtained 
based on microbiota and SNP data, respectively. The 
microbiota covariance matrix was obtained following the 
method proposed by Ross et al. [21] and as described in 
Déru et  al. [5], by retaining the OTU that were present 
in more than five samples and that had an average abun-
dance higher than 0.001% (2399 OTU). The M matrix 
was computed for each diet and for the combination of 
both diets depending on the scenario, and was obtained 
as follows:

with matrix S of dimension p× n , where p is the num-
ber of animals and n is the number of OTU, constructed 
from elements sjk containing the log-transformed count 
of OTU k for animal j [21]. Ones were added to all ele-
ments to ensure the subsequent log-transformation of 
null elements. The log-transformed counts of the OTU 
were then centered and scaled.

The genomic relationship G was computed according 
to the first method of VanRaden [22] with the AGHma-
trix package in R [23].

Models
A preliminary analysis in which additive genomic and 
microbiota effects were ignored was carried out to deter-
mine the fixed and random effects to be included in 
subsequent analyses using a linear mixed model imple-
mented with the “lme4” and “lmerTest” R packages [24, 
25]. Only the effects significant at a threshold of 5% were 
retained.

To predict the growth, FE and DE traits from micro-
biota information only, genomic information only, 
and from the combination of both, three Bayesian lin-
ear regression models were fitted with the R package 
BGLR [26] as summarized in this paragraph: model 
Gen included only a genomic effect, model Micro only a 
microbiota effect, and model Micro+Gen both effects as 
follows:

M =
SST

n
,

where y is the vector of phenotypes for a given trait (with 
length equal to the number of individuals with pheno-
types), X is the incidence matrix relating observations 
to fixed effects, β is the vector of fixed effects described 
in the next section, Z is the incidence matrix for the 
genetic effect of the individual, and u ∼ N

(

0,Gσ 2
u

)

 is the 
vector of random additive genetic effects for the con-
sidered trait (with length equal to the number of indi-
viduals in G ) and σ 2

u is the additive genetic variance. W 
is the incidence matrix for the microbiota effects, and 
m ∼ N

(

0,Mσ 2
m

)

 is the vector of microbiota effects for 
the considered trait (with length equal to the number of 
individuals in M ), and with σ 2

m the microbiota variance. 
Finally, e ∼ N

(

0, Iσ 2
e

)

 is the vector of the residual random 
effect (with length equal to the number of individuals 
with phenotypes), and with I the identity matrix, and σ 2

e  
the residual variance. Since all individuals in the model 
had a record for genomic and microbiota information, W 
and Z could be substituted with I . The Micro+Gen model 
assumed a null covariance between u and m.

For all three models, the residual, microbiota, and 
genetic variances were assigned scaled-inverse Chi-
square densities as prior density, with hyperparameters 
of 5 degrees of freedom and a scale parameter based on 
the sample variance of the phenotypes, as proposed by 
default in the BGLR package [26]. A Gaussian prior with 
a mean of zero and a variance equal to  1010 was assigned 
to the fixed effects. Further details about the models 
implemented in BGLR, such as the number of iterations, 
burn-in, and thinning, are in Déru et al. [5].

Cross‑validation approach
A forward cross-validation approach was used (see 
Fig. 1).

Scenarios
The first objective of the investigation was to test the 
influence of diet on the prediction accuracy for differ-
ent phenotypes. Five scenarios were constructed to test 
prediction accuracy within the same diet, for the oppo-
site diet, and for the combination of both diets, as pre-
sented in step 1 of Fig. 1. Within the same diet, the first 
scenario consisted of pigs fed a CO diet in both the ref-
erence and validation populations (COref/COval), and 
the second scenario consisted of pigs fed an HF diet in 
both the reference and validation populations (HFref/

(model Gen)y = Xβ+ Zu + e,

(model Micro)y = Xβ+Wm + e,

(model Micro+Gen)y = Xβ+ Zu +Wm + e,
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HFval). To test the prediction accuracy for the oppo-
site diet, two scenarios were constructed with pigs fed 
the CO and HF diets, respectively, in the reference and 
validation populations (COref/HFval), and vice-versa 
(HFref/COval). In addition, a scenario combining both 
diets in equal proportions in the reference and validation 
populations (COHFref/COHFval) was constructed. Four 
folds were taken with different reference and validation 
populations, with 310 pigs in the reference and 45 pigs 
in the validation population. However, given the number 
of pigs available and the different scenarios, the refer-
ence and validation populations were not independent of 
each other; the percentage of shared individuals from one 
sampling to another ranged from 28 to 92% for the refer-
ence and from 0 to 77% for the validation population (see 
Additional file 1: Fig. S1).

Effect of breeding environment on prediction accuracy
To assess the influence of the environment in which the 
pig was bred, as captured by the diet and batch effects, on 
the accuracy of predictions, two approaches were evalu-
ated: (1) estimation of the prediction accuracies when 
the fixed effects of batch and diet were included or not in 
the model, referred to “FEM” (fixed effects in the model) 
(Step 3 in Fig.  1), and (2) estimation of the prediction 
accuracies when the reference and validation populations 

shared a common paternal family and breeding environ-
ment, ‘SBE’ (sire breeding environment) (Step 4 in Fig. 1).

The initial hypothesis was that not correcting for envi-
ronmental effects would improve the prediction accu-
racy of the phenotypes, especially in the Micro model 
in which the gut microbiota composition is sensitive to 
breeding environmental conditions. For this purpose, 
prediction accuracies were first calculated only with phe-
notypes corrected for DFI for DC, for weight at the end 
of the  post-weaning phase for ADG and FCR, and for 
weight at the end of the test for DFI and RFI. In a second 
step, prediction accuracies were obtained for phenotypes 
corrected for all the previous effects and for batch and 
diet fixed effects.

Then, to evaluate the impact of the breeding environ-
mental connection (by batches) between the reference 
and the validation populations on prediction accuracy, 
two different options were considered in each of the 
above scenarios: the reference and validation populations 
were environmentally connected, i.e., pigs from both 
populations were in similar or overlapping batches at 
a given time, and reference and validation populations 
were not environmentally connected, i.e., pigs from both 
populations were not in similar or overlapping batches at 
a given time. Note that individuals in connected batches 
also shared more sires than non-connected batches (see 

Fig. 1 Experimental design for cross‑validation study. Pigs in orange = pigs fed a conventional diet; pigs in green = pigs fed a high‑fiber diet. y 
is the vector of phenotypes for a given trait. X is the incidence matrix relating observations to fixed effects. β is the vector of fixed effects described 
in the next section. Z is the incidence matrix for the genetic effect of the individual, and u ∼ N

(

0,Gσ 2
u

)

 is the random vector of additive genetic 
effects for the considered trait, with σ 2

u  is the additive genetic variance. W is the incidence matrix for the microbiota effects, and m ∼ N
(

0,Mσ 2
m

)

 
is the vector of microbiota effects for the considered trait, with σ 2

m the microbiota variance. Finally, e ∼ N
(

0, Iσ 2
e

)

 is the vector of residual random 
effect, with I  the identity matrix, and σ 2

e  the residual variance
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Additional file  2: Table  S1) because batches were pro-
cessed in chronological order; pigs that were together 
in the building simultaneously were more likely to have 
a common sire than those separated by several months. 
So, when reference and validation populations were envi-
ronmentally connected, they were also genetically con-
nected, hence the SBE connection.

Prediction accuracy
First, prediction accuracy of traits from microbiota and/
or genomic information was estimated as the correla-
tion between the model prediction and the phenotype 
adjusted for fixed effects. Phenotypes were adjusted for 
fixed effects (y*) using the Gen, Micro, and Micro+Gen 
models, respectively, depending on the prediction model 
and using the whole dataset. The Pearson rank correla-
tions between the y* values obtained from the three mod-
els and the full dataset were, in all cases, high, between 
0.89 and 0.99. Depending on the model (Gen, Micro, and 
Micro+Gen), for each sampling, the correlation between 
the phenotype adjusted for fixed effects y* and the vec-
tor of predictions (EBV in model Gen, estimated micro-
biota value (EMV) in model Micro, and EMV and EBV, 
both separated and combined in model Micro+Gen,) was 
calculated. The prediction accuracy ( r ) was obtained for 
each cross-validation run of each model and then aver-
aged for the four samplings within each scenario, model, 
FEM, and SBE, as shown in Fig. 1.

However, only breeding values are of interest for 
genetic selection. Thus, the ability to better predict or 
not EBV when gut microbiota information is included in 
the model was evaluated. For this purpose, the predic-
tion accuracies between y*, which is the best proxy for 
the true breeding values in our study, and the EBV were 
compared between the Gen and the Micro+Gen models.

Post‑hoc analysis
The impact of different effects on prediction accuracy 
was evaluated by analysis of the variance (ANOVA) that 
was performed with the Anova() R function [14]. The five 
effects were (1) the scenario (COref/COval, HFref/HFval, 
COref/HFval, HFref/COval, and COHFref/COHFval); (2) 
the model (Gen, Micr, and Micro+Gen); (3) the nature of 
the trait (growth/feed or digestive efficiency trait); (4) the 
SBE connection; and (5) the FEM (diet and batch).

Then, multiple comparisons of prediction accura-
cies were performed. The assumptions of normality 
and homogeneity of variances were not respected in all 
cases; thus, multiple comparisons of means were per-
formed with a Welch test. Multiple comparisons were 
performed with the pairwise.t.test() function of the 
stats package in R, and the options var.eq=FALSE and 
pool.sd=FALSE. The significance level was corrected 

with a Bonferroni correction with the option p.adjust.
method="bonf". Prediction accuracies were arbitrarily 
considered low when they were lower than 0.40, mod-
erate when they were between 0.40 and 0.60, and high 
when they were higher than 0.60.

Results
Effect of different factors on prediction accuracy
The impact of the different factors on prediction accu-
racy is reported in Table 1. All the effects were signifi-
cant (P < 0.001), except for the FEM effect (P = 0.37). 
Prediction accuracies were significantly higher 
(P < 0.001) when pigs of the reference and validation 
populations were SBE connected (0.27 for growth and 
FE traits; and 0.47 for DE traits) than when they were 
not SBE connected (0.16 for growth and FE traits and 
0.40 for DE traits). Prediction accuracies for the DE 
traits were significantly higher than those estimated 
for growth and FE traits (0.21 vs. 0.43, P < 0.001). A sig-
nificant effect of the scenarios on prediction accuracy 
was observed (P < 0.001). Since prediction accuracy was 
not affected by the inclusion/exclusion of environmen-
tal effects, only the results, including environmental 
effects in the models, will be presented in the following.

Table 1 Influence of five design effects on prediction accuracy: 
degrees of freedom, F‑value, and associated P‑value in combined 
analyses of variance

a Five scenarios were analysed—COref/COval: pigs were fed a conventional diet 
in the reference and the validation populations; HFref/HFval: pigs were fed a 
high-fiber diet in the reference and the validation populations; COref/HFval: 
pigs were fed a conventional diet in the reference population and a high-fiber 
diet in the validation population; HFref/COval: pigs were fed a high-fiber diet in 
the reference population and a conventional diet in the validation population; 
COHFref/COHFval: pigs were fed a conventional + a high-fiber diet in the 
reference population and a conventional + a high-fiber diet in the validation 
population
b SBE: sire breeding environment; the impact of a common sire breeding 
environment between the reference and validation populations was tested
c Three models were used: Micro (with only microbiota information), Gen (with 
only genomic information), and Micro+Gen (with both microbiota and genomic 
information)
d FEM: fixed effects in the model, for each trait, two phenotypes were studied: 
phenotypes corrected or not for environmental effects (diet and batch)

Effects Degrees of 
freedom

F‑value P‑value

Scenarioa 4 10.07 4.67 ×  10–5

SBEb 1 109.49 < 2.2 ×  10–16

Type of trait (growth/
feed vs. digestive)

1 634.61 < 2.2 ×  10–16

Modelc 2 109.49 < 2.2 ×  10–16

FEMd 1 0.81 0.37

Residuals 1670
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Phenotypic predictions
The prediction accuracies for each DE trait, scenario, 
model, and SBE connection are presented in Fig. 2a, and 
for growth and FE traits in Fig. 2b. The detailed values are 
in Additional file 2: Table S2.

Impact of adding microbiota vs. genomic data on prediction 
accuracy for feed and digestive efficiency traits
For the three DE traits, prediction accuracies were low 
in model Gen (between − 0.01 and 0.30), moderate 
to high in models Micro (between 0.54 and 0.69) and 
Micro+Gen (between 0.53 and 0.70), i.e., prediction 
accuracies were not significantly different between the 
Micro and Micro+Gen models but significantly lower in 
the Gen model. For the four growth and FE traits, predic-
tion accuracies were low to moderate, from 0.01 to 0.47, 
and not significantly different between the three models. 
The prediction accuracies of model Gen were of the same 

order of magnitude for the DE traits and the growth and 
FE traits. On the contrary, prediction accuracies were 
significantly higher in model Micro and Micro+Gen for 
the DE traits than for the growth and FE traits.

Adding the host genetics information in the model 
yielded low to moderate prediction accuracies for the FE 
and DE traits, while adding microbiota information in the 
model considerably increased the prediction accuracies 
for the DE traits (> 0.53), but not for the FE traits (< 0.47).

Influence of the diet on prediction
In the global model presented in Table  1, the scenario 
effect significantly impacted prediction accuracies 
(P < 0.0001). In general, across scenarios, models, SBE 
connection, and traits, prediction accuracies were sig-
nificantly higher for the COHFref/COHFval (0.36) than 
for the COref/HFval (0.27) and HFref/HFval (0.27) sce-
narios. However, when we examined the individual traits, 

Fig. 2 a Mean of prediction accuracy for the digestibility coefficient of energy (DCE), organic matter (DCOM) and nitrogen (DCN) phenotypes, 
depending on the model (Gen, Micro, and Micro+Gen), the scenario (COval/COref, HFval/HFref, COval/HFref, HFval/COref, and COHFval/
COHFref ) and if reference and validation populations shared (on the right) or did not share (on the left) a common environment, with minimum 
and maximum values associated. b Mean of prediction accuracy for average daily gain (ADG), feed conversion ratio (FCR), residual feed intake 
(RFI) and daily feed intake (DFI) phenotypes, depending on the model (Gen, Micro, and Micro+Gen), the scenario (COval/COref, HFval/HFref, 
COval/HFref, HFval/COref, and COHFval/COHFref ) and if reference and validation populations shared (on the right) or did not share (on the left) 
a common environment, with minimum and maximum values associated. Prediction accuracies were compared to each other for the same 
trait within the reference populations connected by the batches or not. Model Gen: model with only genomic information; Model Micro: model 
with only microbiota information; Model Micro+Gen: model with microbiota + genomic information combined. Ref. and val. environmentally 
connected = reference and validation populations environmentally connected; Ref. and val. environmentally not connected = reference 
and validation populations environmentally not connected. COref/COval: pigs were fed a conventional diet in the reference and the validation 
populations; HFref/HFval: pigs were fed a high‑fiber diet in the reference and the validation populations; COref/HFval: pigs were fed 
a conventional diet in the reference and a high‑fiber diet in the validation population; HFref/COval: pigs were fed a high‑fiber diet in the reference 
and a conventional diet in the validation population; COHFref/COHFval: pigs were fed a conventional + a high‑fiber diet in the reference 
and a conventional + a high‑fiber diet in the validation population
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scenarios, models, and SBE connections separately, 
as shown in Fig.  2a, b, no significant differences were 
observed between the scenarios, except in the case of RFI 
with model Gen. In this particular case, when the refer-
ence and validation populations were SBE connected, 
prediction accuracy was notably lower for scenario 
COref/HFval (0.10) compared to scenario HFref/COval 
(0.41). Within each model and for each trait, prediction 
accuracies were not significantly different between the 
COref/COval and HFref/HFval scenarios. Therefore, 
there was no difference in prediction accuracy between 
diets. The across-diet scenarios also showed predic-
tion accuracies of the same order of magnitude than the 
within-diet scenarios. For RFI, prediction accuracies were 
higher when pigs were fed an HF diet in the reference 
population and a CO diet in the validation population 
(HFref/COval) than for the opposite case (COref/HFval). 
When both diets were combined together in the refer-
ence and validation populations (COHFref/COHFval 
scenario), the prediction accuracies did not differ from 
those obtained within and across diets for all traits. Thus, 
the differences between the scenarios in prediction accu-
racy were small, which suggests a weak or null influence 
of the pig diet on the predictability.

Influence of the breeding environment on prediction 
accuracy
Overall, prediction accuracies were significantly higher 
when pigs of the reference and validation populations 
were SBE connected than when they were not con-
nected by SBE (P < 0.001). With the Gen model and for 
growth and FE traits, prediction accuracies ranged from 
0.02 to 0.41 when reference and validation populations 

were connected by SBE, and they were significantly 
higher compared to when reference and validation pop-
ulations were not connected by SBE (from 0.01 to 0.32) 
(P < 0.001). The same observation was made for the DE 
traits for which prediction accuracies were significantly 
higher when pigs of the reference and validation popu-
lation were connected by SBE (from 0.05 to 0.30) than 
when they were not (from − 0.01 to 0.30) (P < 0.001). 
With the Micro model, prediction accuracies were also 
higher when pigs were connected by SBE for growth and 
FE traits (from 0.03 to 0.36), and DE traits (from 0.55 
to 0.69) than when they were not (from 0.07 to 0.28 for 
growth and FE traits, and from 0.53 to 0.63 for DE traits) 
(P < 0.001). The same observation was made with model 
Micro+Gen for growth, FE, and DE traits (P < 0.001).

Contribution of microbiota and genomics to the prediction 
of the adjusted phenotypes in the Micro+Gen model
The correlations estimated between the phenotypes cor-
rected for fixed effects and EBV and EMV separately and 
combined in model Micro+Gen are in Table 2 and com-
pared with those obtained in models Micro and Gen.

For DE traits, prediction accuracies estimated in model 
Micro+Gen ranged from 0.05 to 0.19 when using only 
the EBV, whereas they ranged from 0.58 to 0.65 when 
only using the EMV portion. Moreover, these predic-
tion accuracies were identical (within the limit of plus 
or minus 0.01) to those obtained in the Gen and Micro 
models, which indicates that, for DE traits, prediction 
accuracies were driven by the microbiota information 
when both genomic and microbiota information were 
included in the model.

Table 2 Mean of the prediction accuracy of phenotypes in the COHFref/COHFval scenario with common environmental conditions 
for the reference and validation populations: comparison across three models (Gen, Micro and Micro+Gen), with the estimated 
microbiota value (EMV) and estimated breeding value (EBV) separately, or combined in the Micro+Gen model

a DCE digestibility coefficient of energy, DCOM digestibility coefficient of organic matter, DCN digestibility coefficient of nitrogen, ADG average daily gain, DFI daily 
feed intake, FCR feed conversion ratio, RFI residual feed intake
b Model Gen = model with only genomic information
c Model Micro = model with only microbiota information
d Model Micro+Gen = model with microbiota + genomic information combined

Traita Model  Genb Model  Microc Model Micro+Gend

r(y*, EBV) r(y*, EMV) r(y*, EBV) r(y*, EMV) r(y*, EMV+EBV)

DCE 0.07 [0.00; 0.17] 0.59 [0.47; 0.74] 0.06 [0.00; 0.10] 0.58 [0.47; 0.73] 0.57 [0.47; 0.72]

DCOM 0.05 [− 0.06; 0.14] 0.59 [0.51; 0.75] 0.05 [0.03; 0.08] 0.58 [0.51; 0.74] 0.57 [0.50; 0.74]

DCN 0.20 [0.00; 0.41] 0.65 [0.58; 0.80] 0.19 [0.09; 0.31] 0.65 [0.59; 0.80] 0.66 [0.57; 0.81]

ADG 0.23 [− 0.14; 0.40] 0.17 [0.07; 0.34] 0.23 [0.14; 0.38] 0.18 [0.05; 0.33] 0.27 [0.14; 0.50]

FCR 0.20 [0.18; 0.27] 0.09 [0.00; 0.29] 0.20 [0.15; 0.23] 0.11 [0.02; 0.34] 0.24 [0.16; 0.42]

RFI 0.21 [0.09; 0.45] 0.24 [0.10; 0.33] 0.29 [0.15; 0.46] 0.24 [0.12; 0.28] 0.33 [0.35; 0.50]

DFI 0.14 [0.09; 0.21] 0.33 [0.29; 0.40] 0.06 [0.14; 0.38] 0.30 [0.26; 0.33] 0.22 [0.15; 0.30]
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For growth and FE traits, prediction accuracies ranged 
from 0.06 to 0.29 for the Gen model and from 0.11 to 
0.30 for the Micro model. Prediction accuracies were 
equivalently driven by the microbiota and genomics 
information, and prediction accuracies obtained with 
the Micro+Gen model were close to those obtained with 
the Gen and Micro models; thus in our study, when both 
microbiota and genomics information were included in 
the model, they contributed equally to prediction accu-
racy for growth and FE traits.

In addition, based on this analysis, EBV were more 
accurately predicted when microbiota information was 
included in the model, as can be seen from the reduced 
ranges of minimum and maximum values for r(y*, EBV) 
in model Micro+Gen compared to r(y*, EBV) in model 
Gen, for all traits except DFI.

Discussion
In this study, we evaluated the effect of including micro-
biota information only or with host genomic informa-
tion, in models to predict DE, growth, and FE traits. In 
addition, we evaluated the impact of different diets and 
breeding environments on the prediction accuracy of 
these traits. Our results support the hypothesis that 
fecal microbiota is a relevant source of information for 
predicting DE traits but less so for predicting FE traits. 
Interactions with diets seemed limited and did not affect 
prediction accuracies.

Gut microbiota composition: a relevant source 
of information to predict digestive efficiency traits
In our design, for growth, FE, and DE traits, including 
host genetics information only resulted in low to moder-
ate prediction accuracies and for growth and FE traits, 
including microbiota information only also resulted in 
low to moderate prediction accuracies and was not a bet-
ter predictor than host genetics. However, microbiota 
information was a good predictor for DE traits, with 
moderate to high prediction accuracies (> 0.53).

Limited potential of gut microbiota to improve prediction 
accuracy of feed efficiency traits
The prediction accuracies obtained for FE traits in our 
study were comparable to those reported by Camarinha-
Silva et al. [6]. Specifically, for ADG, FCR, and DFI, they 
found prediction accuracies ranging from 0.33 to 0.41 
in the Gen model and from 0.20 to 0.35 in the Micro 
model [6], which is consistent with our results. Simi-
larly, Aliakbari et  al. [7] reported non-significant dif-
ferences in prediction accuracies for FE traits between 
the models incorporating microbiota information and 
those including genetic information. However, in their 
study conducted in 2022, the Micro model showed 

higher prediction accuracy estimates than those in our 
study, ranging from 0.61 to 0.81 for FCR, RFI, DFI, and 
ADG. It is worth noting that Aliakbari et al. [7] also used 
experimental French Large White pig lines but with a 
population that was developed over 11 generations of 
divergent selection for RFI and with a smaller sample 
size (604 vs. 1082). These discrepancies between studies 
could account for the differences in prediction accuracy 
estimates.

Combining genomic and microbiota information 
in the previous study led to a slight increase in predic-
tion accuracy, ranging from 0.05 to 0.19 points [7]. 
However, in our study, no significant improvement was 
observed when both factors were considered together 
[5]. Although microbiability estimates suggested that the 
genetic and microbiota effects could be distinguished in 
our dataset, the lack of improvement in prediction accu-
racy when the second random effect was included in the 
model may be attributed to partial confounding effects 
between the genomic and microbiota effects, as previ-
ously suggested in the literature [27–30]. To address the 
limitations of assuming independence between these 
effects, advanced models have been proposed to disen-
tangle the two factors and better capture the interaction 
between genetics and microbiota. Further research in 
this area is warranted [27, 29, 30].

Several studies have indicated that the contribution 
of gut microbiota to the variability of FE traits is mod-
est, ranging from low to moderate, with a percentage of 
variance around 20% [6, 7, 27, 31, 32]. Therefore, the rela-
tively low contribution of the microbiota composition to 
the prediction of these traits was expected.

Based on our results, microbiota and genomics infor-
mation provide the same level of phenotypic prediction 
for FE traits. Based on the EBV, it appears that for these 
traits, when genetic and microbiota effects are combined 
in the same model, the prediction accuracies of EBV 
were higher for ADG, FCR, and RFI. David and Ricard 
[33] showed that accounting for all the effects that could 
be partially confounded with a genetic additive effect is 
necessary for accurate EBV predictions, thus one hypoth-
esis was that adding microbiota information in the model 
would allow a better estimation of the EBV’s prediction 
accuracies. This will need to be confirmed with addi-
tional datasets, but it would highlight a favorable impact 
of adding microbiota information in models for genetic 
selection.

High potential of gut microbiota to improve prediction 
accuracy of digestive efficiency traits
In the literature, Verschuren et al. [4] found a prediction 
accuracy of 0.43 for DC of organic matter. The sample 
size in the study of Verschuren et al. [4] was small (160 
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pigs), which may explain why the prediction accuracy 
was lower in their study than in ours. Likely, the stand-
ardized farming conditions in our project had a favora-
ble impact on the prediction performance. For DE traits, 
the contribution of the gut microbiota to the variability 
of these traits has already been reported to be moderate 
to high, i.e. 58% for organic matter in the study of Ver-
schuren et al. [4], and between 44 and 66% in a previous 
study that we performed with the same dataset [5]. Fol-
lowing this work, the results of the current study confirm 
that gut microbiota composition is promising for pre-
dicting these traits. From a biological point of view, the 
percentage of nutrients absorbed by the intestinal barrier 
depends largely on the fermentation activity carried out 
by the microorganisms hosted in the digestive tract [34, 
35]. Since the composition of the gut microbiota is key to 
digestion, it is consistent with prediction accuracies for 
DE traits being improved when gut microbiota informa-
tion is added in the model.

Several studies have shown that the gut microbiota 
composition changes throughout the life of an individual 
and that it is preferable to collect feces samples after post-
weaning because gut microbiota composition becomes 
more stable with time [16, 35, 37]. The only study that 
has examined the best sampling time for trait prediction 
is that of Maltecca et al. [36] who reported no definitive 
result after 15 weeks of age and no data on DE. Thus, fur-
ther studies are required to determine the appropriate 
age for collecting feces to best predict DE traits.

In the context of predicting phenotypes related to 
pig production, it has been observed that, compared to 
genomic information, the gut microbiota composition 
analyzed at 16  weeks of age provides valuable informa-
tion for better prediction of DE traits. This suggests that 
incorporating gut microbiota information into the model, 
particularly in cases where there may be a confounding 
effect between genetic and microbiota influences, can 
lead to more accurate EBV. Previous studies by David and 
Ricard [33] have already indicated the potential benefits 
of including gut microbiota information for improving 
the accuracy of genetic selection for pigs. Therefore, the 
inclusion of gut microbiota composition in the model has 
the potential to positively impact the genetic selection 
process in pigs.

Impact of diet on prediction accuracy values
Analysis of the prediction accuracies obtained in our 
study showed that they were generally consistent across 
the same diet, the opposite diet, and the combination of 
both diets and that there was only one significant differ-
ence between two scenarios for a specific trait, SBE con-
nection, and within one model.

Initially, we hypothesized that prediction accuracies 
would be lower for opposite diets compared to within 
diets, particularly within the Micro model. This assump-
tion was based on previous findings that indicated that 
the gut microbiota composition of the pigs in our study 
is influenced by the diet [12] as also reported for pigs 
from other French populations [38]. However, our initial 
hypothesis was not validated, as the prediction accura-
cies were similar both within and across diets. This could 
be attributed to limitations in our prediction scenarios. 
Although 1082 phenotypes were available for analy-
sis, the cross-validation approach that we used required 
dividing the individuals into different subgroups, which 
resulted in a reduced number of individuals in the refer-
ence populations.

Moreover, for the prediction scenarios involving oppo-
site diets, we expected lower prediction accuracies since 
only the most abundant OTU (2399 out of the initially 
detected 14,366) were retained for constructing the 
microbiota relationship matrix. However, we anticipated 
that rare OTU that are present in only one of the diets 
would contribute to altering the microbiota relationship 
values between individuals and potentially improve trait 
prediction. Nevertheless, this expectation was not con-
firmed in our study.

In summary, microbiota information proved to be a 
reliable predictor of DE traits, and the impact of the diet 
on prediction accuracies was limited.

Impact of breeding environment on prediction accuracies
In this project, we found that prediction accuracies were 
significantly higher for FE and DE traits (0.27 and 0.47, 
respectively) when the reference and validation popula-
tions were connected by a shared breeding environment 
(SBE), compared to when they were not (0.16 and 0.40, 
respectively). It was anticipated that the prediction accu-
racies would be higher in the Micro model when the 
reference and validation populations shared a common 
SBE. This expectation was based on previous literature 
demonstrating that the breeding environment influences 
the composition of the intestinal gut microbiota [9, 11]. 
When pigs share a common environment, it is more 
likely that they will have similar gut microbiota composi-
tions. Our results support this hypothesis, as we observed 
higher prediction accuracies in the Micro model when 
the reference and validation populations had a common 
breeding environment. However, we also observed higher 
prediction accuracies in the Gen model when the refer-
ence and validation populations shared a common SBE. 
This confirms that the genetic relatedness between the 
reference and validation populations also impacts predic-
tion accuracies. Due to our experimental design, we can-
not definitively determine whether the common breeding 
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environment or a strong genetic connection is respon-
sible for the improved prediction accuracy. Neverthe-
less, our findings indicate that the prediction accuracies 
for the FE and DE traits were enhanced when there was 
either an environmental or genetic connection between 
the reference and validation populations. It is worth not-
ing that previous studies, such as the work of Habier et al. 
[39] and Legarra et al. [40], have already highlighted the 
benefits of including genetically related animals in the 
reference population to improve the precision of genomic 
predictions.

In summary, based on our dataset, we cannot conclu-
sively determine whether it is the environmental or the 
genetic connection that improves prediction accura-
cies. However, our study provides valuable insights into 
the importance of having a certain connection between 
the reference and validation populations to enhance the 
prediction accuracies for growth, FE, and DE traits when 
incorporating microbiota or genomic information into 
the model.

Conclusions
In conclusion, gut microbiota analysis is a promising 
approach to improve prediction accuracy of DE traits in 
growing pigs, which could be applied to pigs that are fed 
a range of diets from CO to alternative diets containing 
more dietary fibers. The prediction accuracies for these 
traits were significantly higher when microbiota infor-
mation was added than when genomic information was 
added in the model. In contrast, including microbiota 
or genomic information in the model provided similar 
phenotypic prediction accuracies for FE traits. Further 
analyses on larger datasets and more diverse diets should 
be carried out to complement and verify these results. 
Finally, adding both microbiota and genomic information 
together in the model did not significantly increase the 
prediction accuracy of the different traits compared to 
adding either one of these two information. These results 
suggest a possible microbiota x genomic interaction, as 
recently highlighted in the literature, and should be veri-
fied in future studies.
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