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ABSTRACT
Introduction: In ruminants, the rumen and abomasum differ in physicochemical conditions and harbor distinct microbial 
communities that affect digestion and host metabolism. 16S rRNA amplicon sequencing is a standard culture-independent method 
for profiling these communities, but the raw reads must undergo several bioinformatic steps before taxonomic composition and 
diversity can be compared between samples. This technical protocol describes a reproducible QIIME 2 and R workflow for comparing 
the rumen (RUM) and abomasum (ABO) microbial communities of Hanwoo steers using 16S rRNA amplicon sequencing data while 
accounting for the pairing between samples from the same animal.
Practice: The workflow is demonstrated on paired RUM and ABO samples from 62 Hanwoo steers. It comprises primer and adapter 
trimming, DADA2 denoising and ASV inference, SILVA taxonomic classification, and rarefaction-based diversity estimation in QIIME 2. 
This is followed by paired alpha and beta diversity testing, relative abundance profiling, and differential abundance analysis in R.
Summary: The protocol offers a reproducible framework for comparing microbial communities between paired sample sites. The 
same steps can be adapted to other paired or compartment-based microbiome comparisons and can be extended to other animal 
species. This is relevant to animal breeding and genomics studies in which microbiome measures are analyzed alongside traits such 
as feed efficiency and carcass traits.
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INTRODUCTION
The digestive tract microbiome contributes to host nutrient digestion and absorption, metabolism, and immune homeostasis, among other 

physiological processes (Round and Mazmanian, 2009; Sekirov et al., 2010; Rowland et al., 2018). Its composition and function vary along 

the gastrointestinal tract with local differences in the host environment (Donaldson et al., 2016). In ruminants, the stomach is divided into four 

compartments: the rumen, reticulum, omasum, and abomasum. These compartments differ in physicochemical conditions such as pH, oxygen 

concentration, and digesta retention time, and each one harbors a distinct microbial community (Tardiolo et al., 2025). The compartment-specific 

microbial communities are associated with digestive efficiency and systemic metabolism (Xue et al., 2020).

Amplicon sequencing of the hypervariable regions of the 16S rRNA gene is a widely used standard method for analyzing microbial 

communities in a culture-independent manner (Caporaso et al., 2011; Klindworth et al., 2013). The raw sequence data are processed through a 

series of bioinformatic steps before taxonomic composition and microbial diversity can be compared across samples. QIIME 2 is a widely used 
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platform that integrates these processing steps into one pipeline (Bolyen et al., 2019).

Hanwoo is an economically important Korean native beef breed, and research has been conducted on a variety of traits in this breed (Bedhane 

et al., 2019; Haque et al., 2024; Jang et al., 2024). In Hanwoo steers, the rumen microbiota has been associated with marbling score (Kim et al., 

2020). Rumen alpha diversity has also been correlated with carcass traits (Kang et al., 2024). Feed efficiency has been associated with the fecal 

microbiota (Park et al., 2026). Relating the microbiota of different gastrointestinal sites to these traits involves sampling several sites from each 

animal. Comparisons between sites within the same animal require statistical tests that account for the pairing between samples.

Several general workflows are available for 16S rRNA amplicon analysis, such as the Bioconductor workflow and Microbiome Helper, 

but they are not specific to paired designs (Callahan et al., 2016b; Comeau et al., 2017). Statistical approaches for paired samples have been 

described separately, including random effects in ANCOM-BC2 and MaAsLin2, and restricted permutations in vegan (Mallick et al., 2021; 

Lin and Peddada, 2024; Oksanen et al., 2026). This protocol describes a step-by-step workflow for comparing the microbial communities 

of the rumen (RUM) and abomasum (ABO) using 16S rRNA amplicon sequencing data from Hanwoo steers. It covers primer and adapter 

trimming, DADA2-based denoising and amplicon sequence variant (ASV) inference, SILVA-based taxonomic classification, phylogenetic tree 

construction, alpha and beta diversity comparison, relative abundance profiling, and differential abundance testing between RUM and ABO 

with ANCOM-BC2 and MaAsLin2 (Figure 1). It aims to provide a reproducible workflow for comparing microbial community composition 

and diversity between RUM and ABO samples from the same animals, accounting for the pairing in the statistical analyses.

Raw paired-end FASTQ files and Manifest file

Import and primer/adapter trimming
cutadapt

Taxonomic classification
SILVA 138, removal of non-target sequences

Denoising and feature filtering
DADA2, min-samples/min-frequency

Phylogeny and diversity metrics
MAFFT/FastTree, rarefaction depth

Alpha and beta diversity testing
paired Wilcoxon, PERMANOVA, PERMDISP

Relative abundance profiling
phyloseq, phylum and genus level

Differential abundance testing
ANCOM-BC2, MaAsLin2

Figure 1. Overview of the analysis workflow. Steps performed in QIIME 2 are shown in blue, and steps performed 
in R are shown in green. PERMANOVA: permutational multivariate analysis of variance; PERMDISP: permutational 
analysis of multivariate dispersions.
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Table 1. Software tools used in this protocol
Software tool Version Purpose
QIIME 2 v2023.9 Primer trimming, denoising, taxonomic classification, phylogeny, diversity analysis
R v4.2.2 Statistical analysis
qiime2R v0.99.6 Import QIIME 2 artifacts directly into R
phyloseq v1.42.0 Taxonomic aggregation, relative abundance calculation
vegan v2.7-3 PERMANOVA, PERMDISP
ANCOMBC (ANCOM-BC2) v2.0.2 Differential abundance testing
MaAsLin2 v1.12.0 Differential abundance testing
PERMANOVA: permutational multivariate analysis of variance; PERMDISP: permutational analysis of multivariate dispersions.

Table 2. Summary of the analysis steps, tools, input files, output files, and key parameters
Step Tool/plugin Input Output Key parameters
Import QIIME 2 FASTQ files, manifest file Dataset.qza --input-format
Primer and adapter 
trimming

q2-cutadapt Dataset.qza Dataset_trimmed.qza --p-front-f,
--p-front-r,

--p-adapter-f,
--p-adapter-r

Denoising q2-dada2 Dataset_trimmed.qza Dataset_table.qza,
Dataset_repseqs.qza

--p-trunc-len-f,
--p-trunc-len-r

Feature filtering, 
taxonomic classification, 
and non-target removal

q2-feature-table,
q2-feature-classifier,

q2-taxa

Dataset_table.qza,
Dataset_repseqs.qza

Dataset_repseqs_noneu.
qza,

Dataset_table_noneu.qza

--p-min-samples,
--p-min-frequency,

--p-exclude
Phylogeny and diversity 
metrics

q2-phylogeny, q2-
diversity

Dataset_repseqs_noneu.qza,
Dataset_table_noneu.qza

Rooted_tree.qza,
Core-metrics-results

--p-sampling-depth

Alpha and beta diversity 
testing

R (vegan) Exported diversity.tsv files,
Manifest file

Test statistics and p-values wilcox.test, 
adonis2, betadisper

Relative abundance 
profiling

R (qiime2R, 
phyloseq)

Dataset_table_noneu.qza,
Dataset_taxonomy.qza

Dataset_table_assigned.
qza,

Relative abundance

taxrank

Differential abundance R (ANCOMBC, 
MaAsLin2)

Dataset_table_assigned.qza,
Dataset_taxonomy.qza

Effect size, standard error, 
p-value, q-value

fix_formula,
rand_formula,

prv_cut,
fixed_effects,

random_effects,
min_prevalence

PRACTICE

Sequencing dataset and file import
The 16S rRNA amplicon sequencing data supporting this protocol are available from the NCBI SRA database (BioProject PRJNA1452526). 

The dataset provides paired-end reads for 124 samples, one rumen (RUM) and one abomasum (ABO) sample from each of 62 Hanwoo steers. 

The reads were generated by amplifying the V3–V4 region of the 16S rRNA gene with the 341F (5′-CCTACGGGNGGCWGCAG-3′) and 

805R (5′-GACTACHVGGGTATCTAATCC-3′) primer pair on an Illumina MiSeq platform. Sequence processing was performed in QIIME 2 

(v2023.9), and downstream statistical analyses were performed in R (v4.2.2) using the packages summarized in Table 1. The tools, input files, 

output files, and key parameters of each step are summarized in Table 2. The QIIME 2 environment was created using conda (v22.9.0) and the 

environment file for the QIIME 2 amplicon distribution.
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conda env create \

--name qiime2-amplicon-2023.9 \

--file https://raw.githubusercontent.com/qiime2/distributions/refs/heads/dev/2023.9/amplicon/released/qiime2-amplicon-ubuntu-latest-

conda.yml

conda activate qiime2-amplicon-2023.9

The raw data consist of paired-end FASTQ files, in which each read is represented by four lines containing the read identifier, nucleotide 

sequence, separator line, and per-base quality scores. QIIME 2 does not analyze FASTQ files directly, so the reads are first imported into a 

QIIME 2 artifact (.qza), a zip archive containing the data together with metadata describing its type and provenance. Each QIIME 2 action 

takes artifacts as input and produces artifacts or visualizations as output. Visualization files (.qzv) can be opened with QIIME 2 View (https://

view.qiime2.org). The data inside an artifact can be exported to standard formats such as .tsv with the qiime tools export command.

Paired-end FASTQ files for all 124 libraries were imported into QIIME 2 as ʻSampleData[PairedEndSequencesWithQuality]’ using the 

qiime tools import command. The import used a manifest in ʻPairedEndFastqManifestPhred33V2’, which lists the absolute paths of the forward 

and reverse FASTQ files for each library. The manifest is a tab-separated text file with one row per library and contains the columns ʻsample-id’, 
ʻforward-absolute-filepath’, and ʻreverse-absolute-filepath’, followed by the tissue and animal identifier columns. The tissue and animal identifier 

columns were subsequently used as sample metadata in downstream analyses.

qiime tools import \

--type 'SampleData[PairedEndSequencesWithQuality]' \

--input-path Manifest_file \

--input-format PairedEndFastqManifestPhred33V2 \

--output-path Dataset.qza

Primer and adapter trimming
The q2-cutadapt plugin identifies and removes primer and adapter sequences from sequencing reads by local alignment (Martin, 2011). 

Primers were removed with the ʻtrim-paired’ action in two sequential steps. The first step trimmed the 341F and 805R primers from the 5′ end 

with ʻ--p-front-f’ and ʻ--p-front-r’ and discarded reads with no detected primer through ʻ--p-discard-untrimmed’.

qiime cutadapt trim-paired \

--i-demultiplexed-sequences Dataset.qza \

--p-front-f CCTACGGGNGGCWGCAG \

--p-front-r GACTACHVGGGTATCTAATCC \

--p-discard-untrimmed \

--o-trimmed-sequences Dataset_trimmed_front.qza

The second step trimmed the reverse complement of the opposite primer from the 3′ end with ʻ--p-adapter-f’ and ʻ--p-adapter-r’ and kept 

reads in which no adapter was detected. Two steps were needed because one 5′ primer-trimming pass does not remove the 3′ adapter that is 

read through when an amplicon is shorter than the sequencing read. Reads were discarded at the 5′ step so that only reads with an intact primer 

continued, and reads were kept at the 3′ step because most V3–V4 amplicons are longer than the read and do not reach the opposite primer. The 

two trimming steps retained 11,734,675 of 11,922,261 raw read pairs (98.43%).
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qiime cutadapt trim-paired \

--i-demultiplexed-sequences Dataset_trimmed_front.qza \

--p-adapter-f GGATTAGATACCCBDGTAGTC \

--p-adapter-r CTGCWGCCNCCCGTAGG \

--o-trimmed-sequences Dataset_trimmed.qza

qiime demux summarize \

--i-data Dataset_trimmed.qza \

--o-visualization Dataset_trimmed.qzv

The sequence quality summary of the trimmed reads shows the per-base quality-score distributions used to determine the truncation lengths 

in the next step (Figure 2). Median forward-read quality remained near a Phred quality score of 38 up to position 220, then gradually decreased 

toward position 280. Reverse-read quality began decreasing earlier, from around position 180, with the decline becoming more pronounced 

beyond position 220.
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Figure 2. Per-base quality score distribution for forward and reverse reads after primer and adapter trimming. 
Red marks indicate the median quality score at each position. These distributions were used to select DADA2 
truncation lengths.

Denoising and amplicon sequence variant inference
The q2-dada2 plugin denoises the reads with an error model learned from the data, infers exact ASVs, merges the forward and reverse reads, 
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and removes chimeras (Callahan et al., 2016a). Denoising was performed with the ʻdenoise-paired’ action. The forward and reverse reads were 

truncated to 280 bp and 220 bp with ʻ--p-trunc-len-f’ and ʻ--p-trunc-len-r’, respectively. No bases were trimmed from the read starts because 

the primers had already been removed, and chimeras were removed with the consensus method. The reverse reads were truncated at 220 bp 

because the decline in quality became more pronounced beyond this position (Figure 2). The resulting ASVs were 285–466 bp long (median 

420 bp) after primer removal. The combined truncated length of 500 bp left a forward-reverse overlap of 34–215 bp (median 80 bp), calculated 

as 500 bp minus the length of each ASV sequence. Even the shortest overlap was well above the default minimum of 12 bp for merging. Of the 

denoised read pairs, 83.62% were merged (per-sample median 82.61%, range 57.98–97.99%). DADA2 retained 5,914,998 non-chimeric read 

pairs, which was 50.41% of the trimmed read pairs and 49.61% of the raw read pairs. Per-sample retention of the raw read pairs had a median 

of 48.71% (range 22.08–77.86%). This step produces a feature table, the representative sequences, and per-sample denoising statistics. The 

read pairs remaining after each step are shown in Table 3. Truncation lengths depend on the primer set and the read length, so the values used 

and the resulting overlap should be reported.

Table 3. Read pairs and ASVs retained at each processing step
Step Read pairs (n) Percentage of raw read pairs (%) ASVs (n)
Raw read pairs 11,922,261 100.00 -
After cutadapt step 1 (5′ primer) 11,736,785 98.44 -
After cutadapt step 2 (3′ adapter) 11,734,675 98.43 -
DADA2 quality filtering 8,599,358 72.13 -
DADA2 denoising 7,609,246 63.82 -
DADA2 merging 6,363,111 53.37 -
After chimera removal 5,914,998 49.61 28,566
After feature filtering (min-samples 2, min-frequency 10) 5,688,064 47.71 8,944
After removing mitochondria, chloroplast, and Eukaryota 5,686,996 47.70 8,927
After removing Unassigned 5,686,996 47.70 8,927
ASV: amplicon sequence variant.

qiime dada2 denoise-paired \

--i-demultiplexed-seqs Dataset_trimmed.qza \

--p-trim-left-f 0 \

--p-trunc-len-f 280 \

--p-trim-left-r 0 \

--p-trunc-len-r 220 \

--p-chimera-method consensus \

--o-representative-sequences Dataset_repseqs.qza \

--o-table Dataset_table.qza \

--o-denoising-stats Dataset_stats.qza

Feature table filtering
The q2-feature-table plugin provides operations to filter, summarize, and transform the ASV table. Features were filtered with the ̒ filter-features’ 

action in two steps. Features present in fewer than two samples were removed with ʻ--p-min-samples 2’, and the result was filtered with 

ʻ--p-min-frequency 10’ to remove features with a total frequency below 10. Representative sequences were then matched to the filtered table 
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with ʻfilter-seqs’ to retain the same ASV set across both files. Features detected in only a single sample are more likely to reflect contamination 

or sequencing artifacts, and features with very low total frequency are difficult to estimate reliably across samples. Both thresholds were set low 

to limit the loss of rare taxa, and the total-frequency cutoff should be considered relative to library depth.

qiime feature-table filter-features \

--i-table Dataset_table.qza \

--p-min-samples 2 \

--o-filtered-table Dataset_table_filtering.qza

qiime feature-table filter-features \

--i-table Dataset_table_filtering.qza \

--p-min-frequency 10 \

--o-filtered-table Dataset_table_frequency_filtering.qza

qiime feature-table filter-seqs \

--i-data Dataset_repseqs.qza \

--i-table Dataset_table_frequency_filtering.qza \

--o-filtered-data Dataset_repseqs_filtering.qza

Taxonomic classification and removal of non-target sequences
The q2-feature-classifier plugin trains and applies taxonomic classifiers for marker-gene reads. A naive Bayes classifier assigns each 

representative sequence to the most probable taxonomy based on its k-mer composition, using a labeled reference dataset for training (Bokulich 

et al., 2018). The V3–V4 region was extracted in silico from the SILVA release 138 SSURef NR99 reference sequences with ʻextract-reads’ 
using the 341F and 805R primers (Quast et al., 2013). The reference files ʻsilva-138-99-seqs.qza’ and ʻsilva-138-99-tax.qza’ were obtained 

from the QIIME 2 2023.9 data resources (https://docs.qiime2.org/2023.9/data-resources/). A naive Bayes classifier was trained on the extracted 

region with ʻfit-classifier-naive-bayes’ and applied with ʻclassify-sklearn’ at the default confidence of 0.7. All other parameters were left at the 

default values.

qiime feature-classifier extract-reads \

--i-sequences silva-138-99-seqs.qza \

--p-f-primer CCTACGGGNGGCWGCAG \

--p-r-primer GACTACHVGGGTATCTAATCC \

--o-reads silva_138_99_341F_805R.qza

qiime feature-classifier fit-classifier-naive-bayes \

--i-reference-reads silva_138_99_341F_805R.qza \

--i-reference-taxonomy silva-138-99-tax.qza \

--o-classifier silva_138_99_341F_805R_classifier.qza

qiime feature-classifier classify-sklearn \

--i-classifier silva_138_99_341F_805R_classifier.qza \

--i-reads Dataset_repseqs_filtering.qza \

--o-classification Dataset_taxonomy.qza
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ASVs assigned to mitochondria, chloroplasts, or eukaryotes were then removed from the table and the representative sequences with ʻtaxa 

filter-table’, ʻtaxa filter-seqs’, and the ʻ--p-exclude’ option.

qiime taxa filter-table \

--i-table Dataset_table_frequency_filtering.qza \

--i-taxonomy Dataset_taxonomy.qza \

--p-exclude mitochondria,chloroplast,Eukaryota \

--o-filtered-table Dataset_table_noneu.qza

qiime taxa filter-seqs \

--i-sequences Dataset_repseqs_filtering.qza \

--i-taxonomy Dataset_taxonomy.qza \

--p-exclude mitochondria,chloroplast,Eukaryota \

--o-filtered-sequences Dataset_repseqs_noneu.qza

Training on the amplified region rather than on full-length 16S rRNA gene sequences improves genus-level accuracy for short reads, because 

the reference k-mer profiles then match the length and coverage of the query reads (Werner et al., 2012). Mitochondrial, chloroplast, and 

eukaryotic sequences were removed because the 341F and 805R primers also amplify host mitochondrial and dietary chloroplast 16S rRNA. 

These non-target sequences inflate diversity estimates and distort relative abundance.

Phylogenetic tree construction and diversity analysis
The ʻqiime phylogeny align-to-tree-mafft-fasttree’ pipeline aligns the representative sequences using MAFFT, masks highly gapped or poorly 

conserved alignment columns, constructs an approximately maximum-likelihood tree using FastTree, and midpoint-roots the resulting tree (Price 

et al., 2010; Katoh and Standley, 2013). The ʻqiime diversity core-metrics-phylogenetic’ pipeline rarefies the table to a fixed depth and then 

computes alpha and beta diversity metrics from the rarefied table and the rooted phylogenetic tree in a single step.

qiime phylogeny align-to-tree-mafft-fasttree \

--i-sequences Dataset_repseqs_noneu.qza \

--o-alignment aligned_repseqs.qza \

--o-masked-alignment masked_aligned_repseqs.qza \

--o-tree unrooted_tree.qza \

--o-rooted-tree rooted_tree.qza

qiime diversity core-metrics-phylogenetic \

--i-phylogeny rooted_tree.qza \

--i-table Dataset_table_noneu.qza \

--p-sampling-depth 8300 \

--m-metadata-file Manifest_file \

--output-dir core-metrics-results

qiime tools export \

--input-path core-metrics-results/Diversity.qza \

--output-path core-metrics-results/Diversity_for_R
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The ʻalign-to-tree-mafft-fasttree’ pipeline was run with default parameters. The ʻcore-metrics-phylogenetic’ pipeline was also run with default 

parameters except for the rarefaction depth. This depth specifies the number of reads to which each sample is subsampled, and samples with 

fewer reads than this depth are excluded. The rarefaction depth was set to 8,300 reads, corresponding to the minimum per-sample read count 

in the filtered feature table, so that all samples were retained. Only one library had fewer than 10,000 reads, and a depth of 8,300 reads was 

17.5% of the median library size (47,390.5 reads). A depth of 10,000 reads would have excluded this library and its paired sample, resulting 

in the exclusion of one individual from the paired analysis. This step produces alpha diversity metrics (Shannon entropy, Faith’s phylogenetic 

diversity, Pielou’s evenness, observed ASVs) and beta diversity distance matrices (Bray-Curtis, Jaccard, weighted UniFrac, unweighted 

UniFrac). These outputs were exported as .tsv files for downstream analysis in R.

RUM and ABO samples were collected from the same 62 individuals. The two samples from each animal share between-animal variation 

and therefore cannot be considered independent observations. Alpha diversity metrics were compared using paired Wilcoxon signed-rank tests, 

with the individual as the experimental unit, rather than using a test that assumes two independent groups. Ignoring the pairing treats between-

animal variation as noise and may reduce statistical power to detect differences between tissues. The same rationale applies to the permutational 

multivariate analysis of variance (PERMANOVA) and differential abundance analyses described below. For each alpha diversity metric, the 

exported values were merged with the sample metadata and restructured, with each individual contributing one row containing paired RUM 

and ABO values. The test was conducted separately for each of the four metrics. The results were then combined, and the p-values were 

adjusted across the four tests using the Benjamini–Hochberg method.

library(dplyr)

library(tidyr)

metric_col <- "alpha_diversity"

df <- read.table(Alpha_file, header = FALSE, skip = 1, stringsAsFactors = FALSE)

colnames(df) <- c("SampleID", metric_col)

meta <- read.table(Manifest_file, header = TRUE, sep = "\t",

stringsAsFactors = FALSE, check.names = FALSE)

meta_clean <- meta %>%

select(SampleID = `sample-id`, Animal = Sample, Group = Tissue) %>%

mutate(Group = toupper(trimws(Group)))

df_joined <- df %>%

left_join(meta_clean, by = "SampleID")

df_wide <- df_joined %>%

select(Animal, Group, all_of(metric_col)) %>%

pivot_wider(names_from = Group, values_from = all_of(metric_col))

wt <- wilcox.test(df_wide$RUM, df_wide$ABO, paired = TRUE)

write.table(data.frame(metric = metric_col, p_value = wt$p.value),

paste0(metric_col, "_wilcoxon.tsv"), sep = "\t", row.names = FALSE, quote = FALSE)

# Run once per metric, then combine and BH-adjust

alpha_files <- list.files(pattern = "_wilcoxon\\.tsv$")

alpha_stats <- do.call(rbind, lapply(alpha_files, read.delim))

alpha_stats$q_value <- p.adjust(alpha_stats$p_value, method = "BH")
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PERMANOVA tests whether community composition differs between groups by partitioning variation in a distance matrix among sources 

of variation and comparing the observed test statistic with a permutation-based null distribution. Permutational analysis of multivariate 

dispersions (PERMDISP) tests whether multivariate dispersion differs between groups. Because the two samples from the same animal are not 

independent, permutations were restricted so that tissue labels were shuffled only within each animal. Each animal contributed one RUM and 

one ABO sample, so in each permutation, its two tissue labels were either retained or swapped, thereby preserving the pairing. For each of the 

four beta-diversity metrics, distances were compared between RUM and ABO samples with tissue as the grouping variable, using the ʻadonis2’ 
and ʻbetadisper’ functions from the vegan package with 9,999 permutations (Oksanen et al., 2026). The animal identifier was specified as the 

ʻstrata’ argument in ʻadonis2’, and the sample metadata were reordered to match the distance matrix. PERMDISP was performed because a 

significant PERMANOVA result can arise from unequal dispersion rather than differences in group centroids. For PERMDISP, the residuals of 

the distances to the group centroids were permuted within each animal in the same manner, using the ʻblocks’ argument of the ʻhow’ function. 

For each metric, the PERMANOVA R2, PERMANOVA p-value, and PERMDISP p-value were written to the summary file. The R2 represents 

the proportion of variation in community composition explained by tissue.

library(vegan)

metric_label <- "beta_diversity"

dist_matrix_raw <- read.table(Beta_file, header = TRUE, sep = "\t",

check.names = FALSE)

rownames(dist_matrix_raw) <- dist_matrix_raw[[1]]

dist_matrix <- as.dist(as.matrix(dist_matrix_raw[, -1]))

meta <- read.table(Manifest_file, header = TRUE, sep = "\t",

stringsAsFactors = FALSE, check.names = FALSE)

meta_aligned <- meta[match(labels(dist_matrix), meta$`sample-id`), ]

permanova_fit <- adonis2(dist_matrix ~ Tissue, data = meta_aligned,

permutations = 9999, strata = meta_aligned$Sample)

permanova_p <- permanova_fit[1, "Pr(>F)"]

permanova_r2 <- permanova_fit[1, "R2"]

dispersion_fit <- betadisper(dist_matrix, meta_aligned$Tissue)

permdisp_p <- permutest(dispersion_fit, permutations = how(nperm = 9999,

blocks = meta_aligned$Sample))$tab[1, "Pr(>F)"]

beta_stats_row <- data.frame(metric = metric_label, n_samples = nrow(meta_aligned),

permanova_p = permanova_p, permanova_r2 = permanova_r2, permdisp_p = permdisp_p)

write.table(beta_stats_row, "beta_diversity_stats.tsv", sep = "\t",

row.names = FALSE, quote = FALSE)

Relative abundance profiling
The qiime2R package imports QIIME 2 artifacts directly into R, and phyloseq stores the feature table, taxonomy, sample metadata, and tree 

in a single object and provides functions for taxonomic agglomeration and abundance transformation (McMurdie and Holmes, 2013; Bisanz, 

2018). This step requires every retained feature to have a taxonomic assignment. A feature without a taxonomic assignment cannot be placed in 

a taxon and would form a single mixed category in the relative abundance profiles and the differential abundance analyses. Features without a 
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taxonomic assignment were removed using ʻtaxa filter-table’ and ʻ--p-exclude Unassigned’. No features were removed at this step because all 

ASVs remaining after removal of mitochondrial, chloroplast, and eukaryotic sequences had received a taxonomic assignment at the classifier 

confidence threshold of 0.7. Features assigned only at a higher taxonomic rank were not removed and were retained as unclassified at lower 

ranks. Relative abundances were calculated for each sample after this step.

qiime taxa filter-table \

--i-table Dataset_table_noneu.qza \

--i-taxonomy Dataset_taxonomy.qza \

--p-exclude Unassigned \

--o-filtered-table Dataset_table_assigned.qza

The table, taxonomy, and metadata were read into a phyloseq object (qza_to_phyloseq). ASVs were summed within each taxon at a specified 

rank (tax_glom), and taxa were retained (prune_taxa) if they were detected in at least a set fraction of samples. Relative abundances were then 

calculated for each sample (transform_sample_counts) and averaged within each tissue. ASVs were agglomerated at the phylum and genus 

levels. At each rank, a taxon was kept only if it occurred in at least 10% of the 124 combined RUM and ABO samples. The 10% prevalence 

cutoff was applied to show taxa present across the dataset rather than taxa driven by one or two samples. The prevalence fraction should be 

reported, because it is a user-defined threshold that affects reproducibility.

library(qiime2R)

library(phyloseq)

library(dplyr)

library(tidyr)

library(tibble)

table_qza <- "Dataset_table_assigned.qza"

taxonomy_qza <- "Dataset_taxonomy.qza"

meta_file <- "Manifest_file"

physeq <- qza_to_phyloseq(features = table_qza, taxonomy = taxonomy_qza,

metadata = meta_file)

rank <- "taxa_rank" # Phylum or Genus

glom <- tax_glom(physeq, taxrank = rank, NArm = FALSE)

tax_df <- as.data.frame(as.matrix(tax_table(glom)))

taxa_names(glom) <- make.unique(as.character(tax_df[[rank]]))

otu <- otu_table(glom)

if (!taxa_are_rows(glom)) otu <- t(otu)

min_samples <- ceiling(nsamples(glom) * 0.1)

keep <- rowSums(otu > 0) >= min_samples

glom <- prune_taxa(keep, glom)

relative_abundance <- transform_sample_counts(glom, function(x) if (sum(x) == 0) x

else x / sum(x))

ra_long <- as.data.frame(t(as(otu_table(relative_abundance), "matrix"))) %>%

rownames_to_column("SampleID") %>%
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pivot_longer(cols = -SampleID, names_to = "Taxon", values_to = "RA") %>%

left_join(data.frame(sample_data(relative_abundance)) %>%

rownames_to_column("SampleID") %>%

select(SampleID, Tissue), by = "SampleID")

mean_ra <- ra_long %>%

group_by(Tissue, Taxon) %>%

summarise(MeanAbundance = mean(RA), .groups = "drop")

Differential abundance testing
ANCOM-BC2 models the observed counts using a linear model on a log scale after estimating and correcting for sample-specific sampling 

fractions and taxon-specific sequencing efficiencies, and reports a bias-corrected log fold change for each taxon with its standard error (Lin 

and Peddada, 2024). MaAsLin2 fits a taxon-specific linear model to normalized and transformed abundances and reports a coefficient for each 

covariate (Mallick et al., 2021). The MaAsLin2 model can be extended to a linear mixed-effects model when random effects are specified. 

Both methods were performed at the phylum and genus levels with tissue as the fixed effect and individual identity as a random effect. RUM 

was used as the reference tissue, a 10% prevalence filter was applied to the dataset, and the Benjamini–Hochberg method was used to adjust 

p-values, with q-value < 0.05 considered significant. For ANCOM-BC2, all samples were retained regardless of the library size (lib_cut = 

0). Taxa absent or nearly absent in one tissue were classified as structural zeros rather than tested directly (struc_zero = TRUE), using the 

asymptotic lower bound to detect structural zeros (neg_lb = TRUE). For MaAsLin2, sample abundances were scaled by total sum scaling 

(TSS) and log-transformed (normalization = “TSS”, transform = “LOG”), and a linear mixed-effects model was fitted rather than a count-

based model (analysis_method = “LM”). The normalization, transformation, and analysis method used here correspond to the default settings 

of MaAsLin2. Mallick et al. (2021) reported that TSS showed the best balance of performance among the normalization methods tested, and 

that linear models were the only class of methods that controlled the false discovery rate across study designs, with moderate power. Because 

ANCOM-BC2 does not have a reference argument, the reference level of the tissue factor was set before model fitting. MaAsLin2 instead takes 

the reference through its ʻreference’ argument.

library(ANCOMBC)

sample_data(glom)$Tissue <- factor(sample_data(glom)$Tissue,

levels = c("RUM", "ABO"))

ancombc2(data = glom,

fix_formula = "Tissue", rand_formula = "(1 | Sample)", group = "Tissue",

struc_zero = TRUE, neg_lb = TRUE, prv_cut = 0.1, lib_cut = 0,

p_adj_method = "BH", alpha = 0.05)

library(Maaslin2)

feature_table <- as(otu_table(glom), "matrix")

if (taxa_are_rows(glom)) feature_table <- t(feature_table)

feature_table <- as.data.frame(feature_table)

metadata <- data.frame(sample_data(glom))

Maaslin2(input_data = feature_table, input_metadata = metadata,
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output = paste0("maaslin2_", rank), fixed_effects = "Tissue",

random_effects = "Sample", reference = "Tissue,RUM", normalization = "TSS",

transform = "LOG", analysis_method = "LM", correction = "BH",

min_prevalence = 0.1, max_significance = 0.05)

Under this parameterization, a positive value indicates enrichment in ABO and a negative value indicates enrichment in RUM. The direction 

of the effect depends on which tissue is the reference. The same reference was used for both methods to ensure comparability of results. 

Because differential abundance tools can yield inconsistent results even with the same data, two independent methods were applied (Nearing et 

al., 2022). The results from each method are visualized as bar plots (Figure 3).
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Figure 3. Differentially abundant taxa between RUM and ABO. (A) Phylum-level taxa identified by ANCOM-BC2. 
(B) Genus-level taxa identified by ANCOM-BC2. (C) Phylum-level taxa identified by MaAsLin2. (D) Genus-level taxa 
identified by MaAsLin2. ANCOM-BC2 results are shown as log fold change, and MaAsLin2 results are shown as the 
coefficient. Up to the top 10 taxa by effect size are shown in each panel, colored by the tissue in which each taxon 
was enriched. RUM: rumen; ABO: abomasum.

SUMMARY
This protocol describes a reproducible workflow for comparing the microbial communities of the rumen and abomasum using publicly 

available 16S rRNA amplicon sequencing data from Hanwoo steers. Primer and adapter trimming, DADA2 denoising, SILVA-based 

classification, alpha and beta diversity comparison, relative abundance profiling, and differential abundance testing using ANCOM-BC2 and 

MaAsLin2 were performed, with paired statistical designs used for comparisons between RUM and ABO samples. The workflow can be 

adapted to other paired microbiome comparisons, such as other gastric compartments or matched tissue sites, and potentially to other animal 

species. However, parameter settings should be evaluated for each new dataset. Primer sequences, truncation lengths, filtering thresholds, 

rarefaction depth, and prevalence cutoffs depend on the dataset and should be reviewed before applying the workflow to new data.
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