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Introduction

The prediction of breeding values and phenotypes is a central objective of modern livestock
breeding. Traditional prediction pipelines mainly rely on genomic information, but recent
technological advancements have made other omics more accessible, which, from a biological
perspective, should play a role in important breeding traits (Maltecca et al., 2020). Their
practical use, however, poses challenges, such as the microbiome's inheritance patterns being
less straightforward than those of host genomic information, data generation being more costly,
and datasets strongly depending on sampling time, body side, or tissue of collection.

Beyond prediction of phenotypes, recent work by Christensen et al. (2021) suggests the use of
intermediate omics features, as an intermediate phenotype, as part of the genomics omics best
linear unbiased prediction model (Go-BLUP). Thus, allowing estimation of a genetic effect
mediated through omics and a residual genetic effect, while accommodating incomplete omics
data via implicit imputation based on genomic relationships.

The aim of this work is to modify models of Christensen et al. (2021) by providing a direct
imputation approach for microbiome data and assessing the overall potential of the Go-BLUP
framework for practical use with microbiome data from a commercial pig breeding population.

Materials & Methods

A dataset of 6,691 two-way crossbred pigs from two farms was used, all genotyped using a
genotyping array with 54,137 SNPs. Most animals were phenotyped for average daily gain
(ADG, 6,689), total feed intake (TFI, 3,525), backfat (BF, 6,380), and loin depth (LD, 6,390)
with traits defined according to routine pipelines of the breeding company Topigs Norsvin. For
a subset of 1,427 animals from both farms, microbiome data were generated from fecal samples
collected the day before slaughter, using 16S hypervariable region sequencing, resulting in

abundance scores for a panel of 23,533 operational taxonomic units (OTUs), as described in
Verschuren et al. (2020).

Pre-processing and imputation of microbiome data. Microbiome data was subsequently
filtered to reduce the panel to the “core” microbiome, only considering OTUs with abundance
in at least 10 animals and a total abundance level of 5,000 across all animals, reducing the panel
to 620 OTUs. Each of the remaining OTUs has a non-zero abundance score in at least 7% of
animals, and on average, 58% of all OTUs had a positive abundance level per animal. For
animals without microbiome data, abundance levels were imputed by first log-transforming
abundance scores and subsequently using the resulting values as the phenotypes in a linear
mixed model included genomic data (Meuwissen et al., 2001). Compared with Go-BLUP, this
procedure offers greater flexibility to explicitly weight individual OTUs in subsequent
prediction models, assess the quality of imputation, and enable more complex imputation
models (e.g., incorporating non-genetic information), although this was not explored here.
Independent of the subsequently tested prediction models, we assessed the quality of the
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imputation by masking abundance scores for a subset of animals. Here, we considered scenarios
in which all individuals of one farm or 50% of all animals were masked. Imputation accuracies
are reported as the correlation between true and imputed values.

Phenotype prediction. To assess the added value of microbiome data for phenotype prediction,
phenotypes for the four traits were randomly masked (20%) and subsequently predicted using
a linear mixed model with separate random effects for genomic and microbiome effects. To
assess the potential of microbiome data, we are considering four prediction scenarios:

1. Only using genomic data for the subset panel of 1,427 animals

2. Only using genomic data for the full panel of 6,691 animals

3. Using genomic and microbiome data for the panel of 1,427 animals

4. Using genomic and (imputed) microbiome data for the full panel of 6,691 animals
The van Raden (2008) method 1 genomic relationship was used for genomic data, while the
microbiome relationship matrix was computed by log-transforming abundance scores, scaling
transformed scores per individual OTUs, and upweighting OTUs with higher overall frequency:
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Here p; j corresponds to the abundance score of the i-th OTU of animal j, with m being the
number of OTUs and n being the number of animals with microbiome data. Note that only
animals with microbiome data (not imputed) are used in the calculation of the average
abundance score 4 and variance sjz.

The construction of the microbiome relationship matrix is inspired by Ross et al. (2013) and
modified based on unpublished prior predictive analysis by the authors of this manuscript to
integrate scaling and weighting of individual OTUs in the construction of M (Eq. 1). Prediction
accuracies were derived as the correlation between the masked and predicted phenotypes within
the panel of animals with microbiome data.

Breeding value estimation. Lastly, we are considering the use of microbiome data as an
intermediate phenotype to improve the prediction of estimated breeding values. For this, the
Go-BLUP framework (Christensen et al., 2021) with previously imputed microbiome data was
used. In short, a linear mixed model with separate random effects for genetic and microbiome
components is fitted. Subsequently, the fitted value for the microbiome effect is used as the
phenotype in a second linear mixed model, including a random effect for the genetic
component, to identify the portion of the microbiome effect explained by genetics. The final
estimated breeding value was then derived as the sum of the genetic effect of the two respective
models. For validation, prediction accuracy was computed as the correlation between the
estimated breeding values and the pre-corrected phenotypes. To avoid overinflating results for
the Go-BLUP approach, phenotypes were pre-corrected using the fixed effects estimated from
a genomic BLUP (GBLUP) model. Accuracies were compared to results from the GBLUP
model (Meuwissen et al., 2001).

Results & Discussion

Estimated variance components in the imputation of individual OTUs of the core microbiome
indicate that the heritability of OTUs is, on average, 0.36. This value ranges from 0.10 to 0.50
for 80% of all individual OTUs (Fig. 1), indicating that most OTUs are at least partially
explained by genetic variation. However, this is still substantially below 1, indicating that
microbiome data contain information not included in genotype and could therefore add value
to a prediction model. When masking abundance scores of a subset of animals, the average
prediction accuracy was 0.32 when randomly masking abundance scores. On the other hand,

2



masking all abundance scores from one of the two farms resulted in very poor predictions
(0.037 and 0.040), indicating that for accurate imputation, some on-farm microbiome data,
more samples, or additional non-genetic data (diet, age, housing) are required for the model to
generalize and improve predictions. For a broader panel of 4,642 OTUs that are present in at
least 3 samples, predictions were even poorer, with an average heritability of OTUs of 0.17,
prediction accuracy of 0.15 within farm, and 0.016 across-farm predictions.
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Figure 1. Heritability of OTUs (A) and imputation accuracy for microbiome data using
genomic data when randomly masking (within-farm prediction; B) or masking all animals from
a farm (across-farm prediction; C & D).

For the phenotype prediction (Fig. 2), the prediction accuracy for backfat is 0.419 in the small
panels, using only genomic data, increasing to 0.468 (+11%) with a larger training population.
When adding microbiome data to the prediction models, accuracy increases to 0.488 (+16%).
Imputed microbiome data enables both increasing the size of the training population and
integrating microbiome information, resulting in an increase in prediction accuracy to 0.503
(+20%), nicely showcasing the added value of a joint use imputation. In contrast, the added
value of microbiome data for loin depth is very limited, and nearly identical prediction
accuracies are obtained (+0.001, +0.3%, Fig. 2). Prediction accuracies for animals with imputed
microbiome data are on the same level as those obtained when using only genomic data across
all four considered traits. Clearly, results are highly dependent on the trait, with prediction
models for average daily gain being best when using genomic and microbiome data from the
small panel. A potential reason for this variation in results could be that the microbiome is most
explanatory for average daily gain, as it directly links to nutrient absorption, digestion
efficiency, and gut health (Mahmud et al., 2023). Although the larger size of the training
population also helps for prediction, the lower quality of the imputed microbiome data
introduces noise to the model. If a substantially larger dataset without microbiome data were
available, we would still expect potential benefits from our pipeline.

For the validation of the breeding values, the inclusion of microbiome data into genomic
prediction models via the Go-BLUP framework results in a higher prediction accuracy than the
corresponding GBLUP models for all four traits considered (Fig. 3), with by far the strongest
improvements for ADG ( + 0.078; +31%) compared to moderate gains for TFI (+0.014; +6%)
and BF (+0.033; +7%) and similar accuracies for LD (+0.001; +1%) for animals with
microbiome data, while accuracy for animals with imputed microbiome data is slightly reduced.
The model fit in the training population is comparable between Go-BLUP and GBLUP,
suggesting that the observed improvements are not primarily driven by overfitting but rather
reflect a better utilization of available information. Nevertheless, part of the gain may arise from
the microbiome capturing environmental variation correlated with the phenotype, and thus, the
absolute improvements in accuracy should be interpreted with some caution. In terms of
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variance components, the residual variance in the first linear model on the Go-BLUP pipeline
is substantially smaller than in the GBLUP model, indicating that the first genetic component
is estimated under substantially reduced environmental variance.
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Figure 2. Accuracies of phenotypic prediction for average daily gain (ADG), total feed intake
(TFI), backfat (BF), and loin depth (LD) of animals with microbiome data, depending on
training panel size and whether (imputed) microbiome data is included in the prediction model.
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Figure 3. Accuracies of breeding values for the considered traits, based on the correlation of
obtained EBVs with pre-corrected phenotyped from the GBLUP model. All models included
all animals; shading indicates which animals were used to calculate prediction accuracies.

Conclusions

Microbiome information was shown to have high potential to improve both phenotypic and
genomic prediction models. However, as the cost of large-scale collection is high and
imputation of microbiome information is poor, this highlights the need for more efficient data
collection and imputation protocols, e.g., by only collecting information from a pre-selected
subset of OTUs (through association study) or limiting data collection primarily to a set of key
breeding animals.
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