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Introduction 
Microbiome research is one of the current megatrends in life sciences (Von Hertzen 2011; 
Hakalehto 2020). In this context, and specifically in animal and food sciences, the core 
microbiome is defined as the set of microbial taxa that are consistently present in a given animal 
tissue (e.g. gut) or substrate (e.g. cheese), usually within a specific environment. This common 
set of taxa and their associated genomic, functional and metabolic attributes, are thought to 
contribute to the homeostasis (maintenance of baseline functioning) of the corresponding 
biological system (e.g. tissue, substrate) (Neu et al. 2021). Understanding and leveraging core 
microbiomes may help addressing topics ranging from the maintenance of human gut health 
(Shanahan et al. 2021) to the response of organisms to climate change (Hutchins et al. 2019), 
to the prediction of complex traits in livestock (Venegas et al. 2026). 
The identification of the core microbiome relies on a variety of methods (Custer et al. 2023). 
It can rest on microbial abundance; first, taxa are ordered by their abundance (sum of counts 
across all samples), then the cumulative sum of counts relative to the total sum of counts is 
calculated: everything which is below an arbitrary threshold (e.g. top 10% of the taxa) is 
assigned to the core microbiome. Or it can be based on the percentage of samples in which 
microbial taxa are found (e.g. 80%). Or better, a combination of the two: minimum percentage 
of samples and minimum (relative) abundance.  
Though valuable and certainly widely used, the above-mentioned approaches rely heavily on 
arbitrary thresholds, thus leading to methodological inconsistencies and to a lack of consensus 
on how the core microbiome should be identified. Therefore, in this study we try a different 
take at the identification of core microbiomes: we apply machine learning predictive algorithms 
to identify the tissue/substrate/species microbiome data belong to, and then use the variables 
(microbial taxa) relevant for the prediction (from variable importance) to define the core 
microbiome. If, based on metataxonomics data (marker gene sequencing), the algorithm 
predicts accurately the animal species, tissue and/or substrate the data belong to, then the 
variables (microbial taxa) relevant for the prediction should define the core microbiome, i.e. 
the microbial taxa that help differentiate one microbiome from another. Here we present a pilot 
study on a small dataset used for illustration of the different approaches. 

Materials & Methods 
The data. In the context of the DeepMicroCore research project, we generated an integrated 
dataset of 16S rRNA-gene sequencing data (metataxonomics) from a number of milk, gut and 
rumen microbiomes of pigs, cows, goats and sheep (1000+ samples). For the purpose of this 
pilot study, we used 256 samples from the cow hindgut and rumen microbiomes (141 gut, 118 
rumen; the data came from the FARM-INN and RABOLA projects: AGER2 grant n. 2017-
1130; Regione Lombardia D.d.s. 21.12.2018 n. 19442). The FastQ files from sequencing were 
processed with the Nextflow nfcore/ampliseq pipeline (https://nf-co.re/ampliseq/2.6.1/) to 
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produce count tables of ASV (amplicon sequence variants. i.e. microbial taxa). The forward 
and reverse primers are reported in Table 1, together with the parameters used for data cleaning 
(minimum Phred-score for read quality = 25; maximum two expected errors). The data were 
first filtered by retaining only ASVs with > 20 counts in at least 3 samples, then normalised 
using the CSS (cumulative-sum scaling) method (Paulson et al. 2013). The filtered data 
contained 14084 ASVs on 259 samples. 

Table 1. Breakdown of the cow rumen and hindgut microbiome data used for this pilot study. N: n. 
of samples; reverse and forward primers; trunq_qmin: minimum read quality; max_ee: maximum 
number of expected errors. 

The classification model. The joint count table of rumen and hindgut ASVs was then used in a 
Lasso-penalised (least absolute shrinkage and selection operator; L1-norm) classification 
model for the prediction of the microbiome of origin (hindgut or rumen) based on the 
distribution of microbial taxa counts: 

                       (1) 

Where p(xi) is the probability of sample i to belong to the rumen microbiome given the ASV 
counts; ASVj is the effect of the amplicon sequence variant j (the taxon) and zij is the 
corresponding (normalized) count. The loss function associated with model [1] is reported 
below: 

  (2) 

The rightmost term in equation [2] is the Lasso penalization: the parameter 𝛌 controls the 
amount of regularization, and was chosen among a grid of 60 possible values in [0, 0.15] 
through a 5-fold cross-validation repeated 10 times. The final model was then trained on 80% 
of the data (N=206) and tested on the remaining 20% of the data (N=53). Lasso-penalised 
models have the property of natively performing variable selection: some of the coefficients 
for the ASVs are set exactly to zero, hence those variables are not used. Based on this, we 
retrieved the model coefficients from the final model, and assigned the corresponding ASVs to 
either the rumen or hindgut core microbiome based on the sign of their coefficients (or on their 
average abundances in the two microbiomes: the two approaches were equivalent).  

Benchmark core microbiome. As benchmark to compare the results from the predictive 
model, we also identified the rumen and hindgut core microbiomes based on a combination of 
the minimum percentage of samples in which any taxa is detected, and a minimum (relative) 

species 

 
tissue N fwd_primer rev_primer 

trunc_ 

qmin 

max 

_ee 
cow rumen 58 CCTACGGGNGGCWGCAG GACTACHVGGGTATCTAATCC 25 2 

cow 
hindgut 

 
56 CCTACGGGNGGCWGCAG GACTACHVGGGTATCTAATCC 25 2 

cow 
hindgu 
t 

85 CCTACGGGNGGCWGCAG GACTACHVGGGTATCTAATCC 25 2 

cow rumen 60 CCTACGGGNGGCWGCAG GACTACHVGGGTATCTAATCC 25 2 
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abundance. We arbitrarily set the thresholds to at least 80% of the samples and minimum 0.5% 
relative abundance. 
 

Results & Discussion 
Model fine-tuning from cross validation gave a value of 1e-10 for the lambda parameter (Lasso 
penalization). The final classification model gave perfect classification (100% accuracy) on the 
test set (53 samples: 29 hindgut, 24 rumen).  
 

 
Figure 1. Heatmap of the abundance of the 48 ASVs selected by the Lasso-classification model 
in rumen and hindgut microbiome samples. Darker colors indicate higher abundance. Samples 
are along the x-axis. 

The Lasso-model selected 48 variables (ASVs), which were assigned to the rumen (N=29) or 
hindgut (N=19) microbiomes based on the sign of the model coefficient. Figure 1 shows the 
heatmap of the abundance of the 48 selected ASVs in the two microbiomes. We can see a clear 
clustering of ASVs by tissue. 
From the traditional approach based on a combination of sample frequency and abundance (the 
benchmark), we identified 8 ASVs for the rumen core microbiome and 11 ASVs for the hindgut 
core microbiome. These were not exactly the same as those identified by the classification 
model: depending on the taxonomic level, different proportions of agreement between the two 
approaches were obtained, from 100% to 63.6% (Table 2). 
The results shown in this paper are a clear example of how predictive models can be tweaked 
to be applied to the solution of inferential problems; in this case, it was the identification of the 
core microbiome, i.e. which microbial taxa are characteristic of a specific microbiome. We 
leveraged the variable-selection property of Lasso-penalised models to identify the relevant 
taxa. Other examples exist in literature: for instance, genomic prediction models can be used 
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to find the mutations, or genes, associated with specific phenotypes of interest, by leveraging 
the properties of data resampling. For example, Biscarini et al. (2016) showed how these 
concepts can be used to track the location of a recessive mutation in the cattle genome. 
 
Table 2. Correspondence between the hindgut and rumen core microbiomes identified by the 
Lasso-penalised classification model and with the classical approach based on abundance and 
sample-frequency.  

 hindgut rumen 

phylum 81.8% 100% 

class 81.8% 75% 

order 81.8% 75% 

family 63.6% 75% 

genus 63.6% 75% 

 

Conclusions 
The results of this work show a promising way by which core microbiomes can be identified 
and defined in an unambiguous way. This would lead to a better understanding of the 
functioning of microbiomes, thus untapping potential applications in several fields of science, 
from medicine, to biotechnologies, to animal breeding. This was a pilot study that will need 
refinements in the directions of using larger datasets (more animal species, more 
tissues/substrates), more resampled replicates of the analysis (averaging out results, thus 
reducing the variance), and a wider array of algorithms.  
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