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Introduction 
Intermediate omics approaches, including the microbiome and other functional layers, are 

increasingly used in animal science because they provide a detailed and instantaneous snapshot 

of the biological mechanisms underlying complex traits, while also supporting enhanced 

phenotypic prediction. In some contexts, microbiome-informed models have shown superior 

predictive performance compared with classical models based solely on genetic and 

environmental information (Maltecca et al., 2025). This improved performance may arise 

because the microbiome captures latent host genetic and environment-mediated effects that are 

not directly observable, acting as an intermediate layer between host genetics, environment, 

and phenotype (Legarra et al., 2023). However, given the dynamic and responsive nature of 

the microbiome, it remains unclear how reliably microbiome information can be used for future 

phenotypic prediction and whether such predictions remain valid when microbiome 

composition changes over time, across environments, and across hosts. To address these 

questions, we evaluated how long after microbiome sampling the microbiota remains useful 

for predicting milk yield. Starting from microbiome data collected at time point 1 (T1; July 

2024), we evaluated the correlation between milk production predicted using microbiome 

information and observed daily milk production at increasing time distances after sampling up 

to one year later (July 2025).  Additionally, we explored alternative prediction strategies in 

which microbiome effects estimated at T1 were projected onto microbiome data collected six 

months later (T2), allowing evaluation of how changes in microbiome composition over time 

influence prediction performance. We also compared predictions based on the whole 

microbiome with those based on its genetically mediated component, to assess their relative 

stability and predictive relevance over time. Prediction performance was evaluated under two 

cross-validation strategies: prediction of future milk production within the same animals across 

time, and prediction of future milk production across different animals and environments. 

 

Materials & Methods 
Microbial Composition. A total of 910 fecal metagenomic samples were collected, 

corresponding to 489 dairy cattle from 11 commercial farms. Animals were sampled at two 

time points: T1 (August 2024) and T2 (January 2025). The number of animals in T2 (n=412) 

differed slightly due to voluntary and involuntary culling occurring between sampling periods 

. Fecal samples were collected directly from the rectum of each animal using sterile procedures 

and immediately stored under appropriate conditions until further processing. Microbial Wet-

Lab Procedures: Microbial DNA was extracted from fecal samples using a modified DNeasy 

PowerSoil® (QIAGEN) protocol with phenol–chloroform purification. DNA quality and 

quantity were assessed, and samples were stored at −20 °C until Shotgun metagenomic libraries 

were prepared following standard Illumina protocols and sequenced on an Illumina platform 
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in paired-end mode (2 × 150 bp), generating an average of approximately 8 million reads per 

sample. 

Microbial Bioinformatic Analysis: Samples with fewer than 1 million reads were excluded. 

Reads were quality-filtered, host sequences were removed, and taxonomic profiles were 

generated using MetaPhlAn4 (Blanco et al., 2024). Microbial features with relative abundance 

below 0.01 were filtered out, resulting in 1530 genera. The microbiome data matrix was then 

centered, log-transformed, and missing values were imputed following the procedure described 

in Bastiaanssen et al. (2022).  

 

Host Genome. A total of 114.00 single nucleotide polymorphisms (SNPs) were obtained after 

imputation. Additional details regarding the imputation panel and procedures are provided in 

Mancin et al. (2025). Animals and SNPs with a call rate <0.95 were discarded, and SNPs with 

minor allele frequencies <0.05. 

 

Pedigree and Phenotype. Pedigree information was provided by the National Breeders 

Association for Rendena cattle breed (ANARE).  Test-day phenotypic records were also 

provided by ANARE. Data editing and quality control procedures followed those described in 

Guzzo et al. (2018). Milk yield (kg/d) was used as target phenotype. Phenotype data of all 489 

animals were considered. 
 

 
Figure 1.  Description of experimental design 

 

Analysis 
Training Models: Models were trained using data from approximately 400 animals from nine 

herds (with two herds excluded). Microbiome information collected at T1 was used for model 

training. Training and validation sets were generated through bootstrap resampling, with 

approximately 80% of animals assigned to the training set and 20% to the validation set at each 

of 55 iterations, allowing animals to be reassigned across iterations: 

y = Wt1ct1 + e  (1) 

where c represents random single-genus effects estimated at T1, and Wt1 is the incidence 

matrix derived from microbiome features at T1, e is the random residual. Following Legarra et 

al. (2023), individual microbiome effects (m̂=Wĉ) were treated as pseudo-phenotypes and 

further decomposed into fixed and random components as:  

m̂ = Xm bm + Zm am + em (2) 

where bm represents fixed effects associated with microbiome-derived traits, am represents 

random additive effects linked to host genetics, and e is the residual term. Heterogeneous 

residual variances were assumed for the pseudo-phenotypes, and no additional error structure 

was considered beyond that specified in the model. The Xm incidence matrix of fixed followed 

the same structure described in Guzzo et al. (2018) for milk yields. 

 

Prediction.  The objective of prediction was to estimate daily milk production from July 2024 

to July 2025 using microbiome information. Two prediction strategies were evaluated. PredA: 

Genus-level microbiome effects estimated using T1 (ĉ, on eq1.), were applied to microbiome 

profiles collected at the same time point (Wt), then predicted phenotype become:  ŷ=Wt1ct1. 

PredB: The same Genus-level microbiome effects estimated at T1, were projected onto the 
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microbiome profiles matrix of T2 and then used to predict milk production (ŷ=Wt2ct1). This 

strategy evaluates the transferability of microbiome effects across time as microbiome 

composition changes, Figure 2. Additionally, for both prediction strategies, two microbiome-

based predictors were considered: (i) the whole microbiome effect (M), represented by c; (ii) 

the genetically mediated microbiome component (am). Accordingly, the following 

combinations were evaluated: PredA–M, PredA–am, and their corresponding PredB scenarios. 

Note that am was projected in T2 using ordinary least squares projection. 

 

 
Figure 2. Schematic of prediction strategies PredA (effects estimated and applied at T1) and 

PredB (effects estimated at T1 and projected to T2).  

 

Cross-Validation. Milk production was predicted for the period from July 2024 to July 2025 

using microbiome information. Two cross-validation strategies were applied. CV-1 evaluated 

future phenotypic performance for the same animals included in the training set, whereas CV-

2 evaluated future phenotypic performance for new animals in new herds not included in the 

training set. Prediction accuracy was assessed using Pearson correlations between observed 

and predicted test-day milk production. In each prediction a single predicted value was 

obtained for each animal. This predicted value was then correlated with the corresponding 

future test-day milk production records of the same animal. Correlations were summarized 

within temporal classes, defined by overlapping time windows based on the number of days 

elapsed since microbiome sampling, using a moving window width of five days. In each class 

animal test day is the same distance from sampling. Therefore each temporal class included 

test-day records from animals with a similar time distance from microbiome sampling. 

Uncertainty was assessed by bootstrap resampling described before and prediction accuracy 

was considered not significantly different from zero when the 5th and 95th percentiles of the 

bootstrap distribution included zero. 

 

Results 

 
Figure 3. Prediction accuracy over time for microbiome-based models under CV-1 (same 

animals) and CV-2 (new animals). Solid lines indicate PredA and dashed lines PredB; results 

are shown for the whole microbiome (M) and the genetically mediated component (gm). 

Shaded areas 5-95 interval of correlation.  



 

4 
 

Results from CV-1 are shown in Figure 3. Under this validation scheme, prediction strategy 

PredA consistently outperformed PredB, maintaining substantial predictive accuracy even 

more than one year after microbiome sampling. Note that PredB curves start later because 

predictions we test only on phenotypes after T2. Across both prediction strategies, the whole 

microbiome (M) showed higher predictive power than the genetically mediated component 

alone (gm). Regarding temporal dynamics, under PredA, prediction accuracy of M declined 

after approximately six months, whereas the gm remained more stable over time. Notably, after 

approximately one year, prediction accuracies of gm and M converged. In contrast, under 

PredB show lower overall correlation and rapid decline. Results from CV-2 cross-validation 

showed substantially lower prediction accuracy compared with CV-1, with maximum 

correlations of approximately 0.28. Under PredA, only minor differences were observed 

between predictions based on the M and gm prediction with both showing a similar temporal 

decline. In contrast to CV-1, PredB strategy outperformed PredA during the initial prediction 

period, particularly for milk production predicted after January. However, for both prediction 

strategies, prediction accuracy declined rapidly over time, with correlations approaching zero 

after 6 months before sampling. 

 

Discussion 
The microbiome showed the ability to persist over time and to predict phenotypic performance 

beyond the sampling date, however, predictive accuracy declined as the time distance from 

sampling increased. Prediction was more stable when future phenotypes were predicted for the 

same animals, likely because part of the microbiome signal captures host-specific 

characteristics that change less over time. In CV-1, prediction based on the genetically 

mediated microbiome component was more stable than prediction based on the whole 

microbiome, suggesting that non-genetic and environment-specific microbial variation 

contributes to short-term prediction but reduces long-term stability when systematic effects 

change. PredA performed better for predicting future performance within the same animals, 

whereas PredB showed relatively better performance when predicting new animals or 

environments. These results highlight the dual nature of the microbiome, capturing both 

persistent host-related effects and transient environmental responses, with important 

implications for phenotypic prediction. 

 

Conclusions 

Microbiome information provides high short-term predictive accuracy for phenotypes, 

particularly when applied within the same sampling context. Predictive ability declines over 

time and across animals or environments, reflecting the dynamic nature of the microbiome.  
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