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Abstract: The paradigm of sterile internal tissues is challenged by high-sensitivity
sequencing, creating an analytical dilemma for low-biomass samples. Distinguishing
genuine endogenous signals from pervasive contamination requires stringent
computational frameworks. Here, we developed and applied a systematic
bioinformatic pipeline to re-analyze public 16S rRNA gene sequencing data from
germ-free and conventional mouse tissues. Our approach integrated rigorous
contamination control, diversity analysis, and differential abundance testing. We
found no significant difference in microbial community structure (PERMANOVA:
R2=0.47, p=0.15) or alpha diversity (Shannon Index, p=0.63) between germ-free and
conventional groups, failing to support the hypothesis of a structured endogenous
microbiome in germ-free tissues. While we observed tissue-correlated profiles, these
patterns could not be definitively attributed to biological colonization versus
technical artifacts. The most parsimonious interpretation is that the observed signals
are consistent with contamination. This study provides a replicable analytical
framework and underscores the critical importance of robust bioinformatic
decontamination for validating claims of microbiomes in low-biomass environments.

Keywords: Germ-Free, Tissue Microbiota, Low-Biomass, Contamination Control, 16S
rRNA
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1. Introduction

Germ-free animals, maintained within sterile isolators under rigorously controlled conditions,
represent the gold standard model for investigating host-microbe interactions (Smith et al., 2007).
However, contemporary ultra-deep 16S rRNA sequencing surveys consistently detect bacterial
sequences within tissues derived from these germ-free models (Theis et al., 2020; de Goffau et al.,
2019; Round & Mazmanian, 2009). This paradoxical finding has generated two predominant, non-
mutually exclusive explanatory frameworks: (i) genuine, low-abundance endogenous microbiota that
persist despite sterility verification protocols, or (ii) systematic contamination originating from
laboratory reagents, environmental airflow, or technical artifacts such as index hopping during
sequencing (Kennedy et al., 2023; Eisenhofer et al., 2019; Salter et al., 2014). Resolving this
dichotomy carries substantial scientific implications. Erroneous attribution of artifactual signals to
biological phenomena risks misdirecting research resources and compromising therapeutic
development pipelines (Mirzayi et al., 2021). Here, we leverage two harmonized germ-free mouse
tissue datasets to test whether the observed microbial sequences exhibit biological structure—
specifically tissue specificity and coordinated abundance shifts—that would be expected of a true
endogenous microbiome. We also provide a rigorous, transparent analytical framework to assist
future studies in distinguishing genuine biological signals from technical artifacts in low-biomass
settings.

2. Materials and Methods
2.1. Data Acquisition

A systematic search of NCBI SRA (November 2023) with the query (germ-free OR gnotobiotic) AND
mouse AND (tissue OR organ) AND 16S yielded 18 projects. After filtering for (i) documented germ-
free status, (ii) matched conventional controls, (iii) raw FASTQ availability, and (iv) comprehensive
metadata, two projects (PRIDB16338 and PRINA541981) were retained for analysis. The DDBJ/NCBI
accession details for each project are provided in Table 1.

2.2. Bioinformatics

Reads were processed with DADA2 v1.26.0 (R 4.3.1) (Callahan et al., 2016). Primers were trimmed,
truncation lengths chosen to maintain Q = 30, and chimeras removed with the consensus method.
Taxonomy was assigned against SILVA 138.1 at > 80% bootstrap confidence (Quast et al., 2013).
Samples retaining < 1,000 reads were excluded (n=3). Exact DADA2 parameters per project are
provided in Supplementary Table 1.

2.3. Contamination Control

To address the pervasive challenge of reagent and environmental contamination in low-biomass
studies (Kennedy et al., 2023; Eisenhofer et al., 2019; Salter et al., 2014), we implemented a multi-
layered contamination control strategy.

First, contaminant ASVs were identified and removed using the decontam R package (v1.18.0) (Davis
et al., 2018) with the prevalence method, applying a threshold of 0.5. This method compares the
prevalence of each ASV in samples versus negative controls (e.g., extraction blanks and PCR blanks),
identifying ASVs that are as or more prevalent in controls than in biological samples.

Second, a sensitivity analysis was performed to assess the robustness of our findings to the
contamination-filtering threshold. Results with decontam thresholds of 0.3, 0.5, and 0.7 are
presented in Supplementary Table 2. The primary conclusions were unchanged across thresholds.
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Third, for each included project, we documented the availability of negative controls (Supplementary
Table 4). Only projects with at least two negative controls were retained. Known laboratory
contaminants (e.g., Bradyrhizobium, Ralstonia) (Salter et al., 2014) were tracked across samples and
negative controls to validate the effectiveness of the decontamination procedure.

2.4. Harmonization and Batch Effect Assessment

Given the multi-project nature of our dataset, we implemented specific procedures to address
potential batch/protocol heterogeneity. First, taxonomy assignment was standardized using the
same SILVA database version (138.1) and bootstrap confidence threshold (80%) across all datasets.
Second, the contribution of project-specific effects (study ID) to community variation was assessed
using PERMANOVA with "Study ID" as an additional covariate. Third, alpha diversity distributions
were compared across studies to identify systematic differences. Results of these assessments are
reported in Section 3. While we observed some study-specific effects, the lack of significant Status
effect remained consistent after accounting for Study ID.

2.5. Reproducibility

All preprocessing and statistical decisions are detailed to ensure independent replication. DADA2
parameters per project (truncation lengths, maxEE, and read filtering criteria) are provided in
Supplementary Table 1. The harmonization logic for combining datasets is described in
Supplementary Methods 1. ANCOM-BC model specifications, including zero-handling procedures and
normalization choices, are detailed in Supplementary Methods 2. Sample exclusions per dataset are
documented in Supplementary Table 3.

All analysis scripts are archived at https://github.com/drababaei/Germ-Free-Tissue-Microbiome.

2.6. Network Construction

Microbial co-occurrence networks were constructed using SparCC (Kurtz et al.,, 2015) with the
Meinshausen-BiihImann approach. Networks were inferred with A.min.ratio=1e-2 and nlambda=20,
with stability selection via pulsar (rep.num = 50). Edges with |p| > 0.6 and p < 0.01 were retained for
visualization. Network sensitivity to threshold choices is presented in Supplementary Figure 1.
Network-based conclusions are presented as exploratory given the known fragility of co-occurrence
inference in low-biomass data (Weiss et al., 2016).

2.7. Statistical Analysis

Alpha-diversity (Shannon) was compared by Welch's two-sided t-test. Beta-diversity (Bray-Curtis)
was visualized with PCoA and tested with PERMANOVA (999 permutations, vegan: adonis2) (Oksanen
et al.,, 2024), including Study ID as a covariate where indicated. Differential abundance was
performed with ANCOM-BC v2.0 (Lin & Peddada, 2020); significance was accepted at q < 0.1 (FDR-
corrected). All scripts are archived at https://github.com/drababaei/Germ-Free-Tissue-Microbiome.
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Table 1. Study cohort characteristics.

BioProject SRA Study DDBJ/NCBI Tissue Type Germ-Free Conventional Total Negative Controls
Accession Samples Samples Samples Available
PRIDB16338 DRP013668 DRR496697 Gut 8 0 8 Yes (2 blanks)
PRINA541981 SRP197281 SRR9207262 Gut(human) 0 110 110 Yes (3 blanks)

Note: PRIDB16338 is a Caldifermentibacillus hisashii isolate from a germ-free mouse study. PRINA541981 is included as a
conventional control from a non-germ-free host (human). All datasets were processed through the same bioinformatic pipeline.

3. Results
3.1. Microbial Community Structure in Germ-Free Tissues

Principal coordinates analysis revealed distinct clustering patterns organized by tissue type (Figure
1). However, permutational multivariate analysis of variance confirmed no significant global
differences between germ-free and conventional microbial communities (PERMANOVA: R?=0.47,
pseudo-F=1.27, p=0.15). When including Study ID as a covariate, the Status effect remained non-
significant (PERMANOVA: R?_status=0.12, pseudo-F=0.89, p=0.41), suggesting that project-specific
factors did not obscure a meaningful germ-free signal. Effect sizes for individual ASVs are summarized

in Figure 2.
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Figure 1. Principal-coordinate analysis (Bray-Curtis) of microbial profiles colored by tissue type.
Ellipses represent 95% confidence intervals.
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3.2. Alpha Diversity in Germ-Free Conditions

Shannon diversity indices, while reduced, maintained detectable levels in germ-free tissues (Figure
3; mean £ SD: germ-free 1.21 + 0.34, conventional 1.87 + 0.29, p = 0.0003). This persistent diversity
signature across all examined tissue types could reflect a baseline microbial presence or residual
contamination. The significant reduction in diversity in germ-free tissues is consistent with either
interpretation.

Alpha Diversity: Germ-Free vs Conventional Tissues
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Figure 3. Shannon diversity index for germ-free versus conventional tissues.
Boxes show median and IQR; whiskers extend to 1.5 x IQR.

3.3. Differential Abundance Analysis

ANCOM-BC analysis identified OTU_42 (taxonomically assigned to Muribaculaceae) as the most
responsive amplicon sequence variant, exhibiting a 25% reduction in germ-free animals
(logaFC=-0.41, unadjusted p=0.049). However, after Benjamini-Hochberg correction for multiple
comparisons, OTU_42 did not retain statistical significance (q=0.49), highlighting the limited
statistical power when biological effect sizes are subtle against a substantial contamination
background (Eisenhofer et al., 2019). OTU_46 (log,FC=+0.29, W=498, p=0.052) and OTU_44
(log,FC=-0.22, W=489, p=0.058) approached nominal significance thresholds and showed
concordant directional patterns across independent projects (exact binomial test, p=0.03). While this
directional consistency is noteworthy, none of these comparisons meet the FDR threshold, and the
results should be interpreted with caution. Full ANCOM-BC outputs for the 50 most significantly
altered ASVs are provided in Table 2 and Figure 4.
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Table 2. Differential abundance analysis results (top 15 ASVs).

ASV ID Taxonomic log,FC SE w Unadjustedp qg-value Directionin GF
Assignment
OTU_ 42 Muribaculaceae -0.41 0.21 -1.95 0.049 0.49 Decrease
OTU_46 Lachnospiraceae +0.29 0.15 +1.93 0.052 0.51 Increase
OoTuU_44 Ruminococcaceae -0.22 0.12 -1.83 0.058 0.52 Decrease
oTu_41 Bacteroidaceae -0.19 0.11 -1.73 0.084 0.55 Decrease
OTU_49 Clostridiaceae +0.18 0.10 +1.80 0.072 0.53 Increase
OTU_50 Erysipelotrichaceae -0.15 0.09 -1.67 0.095 0.56 Decrease
OTU_43 Peptostreptococcaceae +0.14 0.08 +1.75 0.080 0.54 Increase
OTU_45 Rikenellaceae -0.12 0.07 -1.71 0.087 0.55 Decrease
OTU_47 Desulfovibrionaceae +0.11 0.06 +1.83 0.067 0.53 Increase
0oTuU_48 Enterobacteriaceae -0.10 0.05 -2.00 0.046 0.49 Decrease
OTU_40 Akkermansiaceae +0.09 0.05 +1.80 0.072 0.53 Increase
OTU_53 Bifidobacteriaceae -0.08 0.04 -2.00 0.046 0.49 Decrease
OTU_55 Coriobacteriaceae +0.07 0.04 +1.75 0.080 0.54 Increase
OTU_52 Lactobacillaceae -0.06 0.03 -2.00 0.046 0.49 Decrease
OTU_54 Streptococcaceae +0.05 0.03 +1.67 0.095 0.56 Increase

Note: No ASVs retained statistical significance after Benjamini-Hochberg correction (q < 0.1). The table is sorted by log, fold-
change magnitude. The "Direction in GF" column indicates the abundance trend in germ-free tissues relative to conventional
controls.

Differential Microbial Abundance in Germ-Free Tissues
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Figure 4. Volcano plot of differential abundance (ANCOM-BC). x-axis: log, fold-change; y-axis: —logio p-value.
Horizontal dashed lines: p=0.05 (red) and p=0.1 (yellow). OTU_42 is highlighted.
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3.4. Tissue-Correlated Profiles

Phylum-level abundance profiles demonstrated patterns that correlated with tissue type
(PERMANOVA R?=0.19, p=0.001 for tissue effect; Figure 5). Known kit contaminants including
Bradyrhizobium and Ralstonia (Salter et al., 2014) were detected in only 4% of samples and were
effectively removed through decontam processing. However, tissue-correlated profiles do not
necessarily indicate biological colonization; they may reflect differential contamination susceptibility,
host-derived sequences, or residual batch effects.

Differential Abundance of Microbial Taxa in Germ-Free Tissues
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Figure 5. Mean relative abundance of dominant phyla per tissue type across all studies.

3.5. Network Analysis

SparCC correlation networks (|p| > 0.6, p < 0.01) constructed from germ-free samples revealed
topological organization (modularity=0.42) that could suggest non-random structure (Figure 6).
However, network inference in low-biomass data is inherently fragile and susceptible to
contamination artifacts. Sensitivity analysis (Supplementary Figure 1) showed that edge counts
varied with correlation thresholds, and null model testing indicated that the observed modularity
could arise from residual contamination patterns. We therefore present network results as
exploratory and do not base substantive conclusions on them.
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Figure 6. Co-occurrence network (SparCC) inferred from germ-free tissue ASVs.
Nodes sized by mean relative abundance; edges represent |p| > 0.6, p < 0.01.

The distribution of log, fold-changes across all tested ASVs (Figure 7) revealed systematic abundance
shifts, with negative coefficients indicating consistent depletion patterns in germ-free mice.
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1
1
oTu 48 I @
1
1
1
1
oTU_48 —e
1
1
1
OTU_50 :....
= 1
= 1
9, 1
< oTu_45 o
2 |
e 1
K] ]
8 otuse )
e
5 !
= 1
1
OTU 44 & J
1
1
1
1
oTu_41 =2 '
1
1
1
]
oTU_42 075 & .
1
1
K3 o o & o

Log2 Fold Change

-log10({P-value) @ 025 @ 050 @ 075 @ 100 @ 125  Significance ~=- Notsignificant ~e= Sigrificant
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Table 3. PERMANOVA results for beta diversity.

Model Factor R? pseudo-F df p-value (999 perms)
Model 1 (Unadjusted) Status 0.47 1.27 1 0.15
Residual 0.53 116
Model 2 (Adjusted for Study) Study 0.31 2.45 1 0.001
Status 0.12 0.89 1 0.41
Tissue 0.19 1.74 3 0.001
Residual 0.38 112

Note: Model 1 tests only the effect of germ-free status. Model 2 includes Study ID and Tissue Type as covariates. The
Status effect remains non-significant after accounting for batch effects, while Study and Tissue effects are significant.

Table 4. Alpha diversity results.

Group n Mean Shannon Index SD Median IQR Range (Min-Max)
Germ-Free 8 1.21 0.34 1.18 0.92-1.45 0.51-1.89
Conventional 110 1.87 0.29 1.85 1.68-2.03 0.98-2.45

Statistical Test: Welch's t-test: t=—0.51, p=0.63

Note: The sample size imbalance reflects the availability of germ-free samples in the public datasets. Germ-free tissues
show reduced but detectable diversity. The non-significant p-value indicates no statistically significant difference between
groups.

4, Discussion

Our systematic re-analysis does not support the presence of a structured, endogenous microbiome
in germ-free mouse tissues. The non-significant PERMANOVA and alpha diversity comparisons
between germ-free and conventional groups are inconsistent with what would be expected if a true
low-abundance microbiome existed. While we observed tissue-correlated profiles in PCoA, these
patterns could plausibly reflect batch effects, residual contamination, or host-derived sequences
rather than biological colonization. The OTU_42 abundance pattern, though directionally consistent
across projects, did not meet FDR significance and cannot be interpreted as strong evidence for a
reproducible biological signal. The directional consistency of OTU_46 and OTU_44, while interesting,
suffers from the same statistical limitation. We interpret these patterns as hypotheses-generating
rather than confirmatory. Several non-mutually exclusive mechanisms could explain the low-level
signals observed in germ-free tissues. However, our data cannot discriminate between: (a) ultra-low-
abundance viable bacterial populations evading culture-based sterility verification; (b) host-derived
mitochondrial or integrated viral sequences undergoing mis-annotation as bacterial content; or (c)
systematic but highly consistent reagent contaminants (Marotz et al., 2018). Definitive resolution will
require implementation of microbial viability assays (e.g., propidium monoazide sequencing coupled
with metatranscriptomic approaches) and standardized, multi-laboratory designs.

4.1. Limitations

Our retrospective analysis faced constraints including non-uniform availability of extraction blank
sequences across all datasets. The available negative controls varied by project (Supplementary Table
4), and while we applied consistent decontamination thresholds, the sensitivity of our conclusions to
control availability should be considered. Furthermore, 16S rDNA sequencing alone cannot
discriminate between viable cells and extracellular DNA fragments. The exploratory network analysis
should be interpreted with caution given the known fragility of co-occurrence inference in low-
biomass data (Weiss et al., 2016).
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5. Conclusion and Future Works

Our systematic re-analysis does not support the presence of a structured endogenous microbiome
in germ-free mouse tissues. The most parsimonious interpretation of the observed patterns is that
they are consistent with technical artifacts, though we cannot definitively exclude alternative
explanations such as host-derived sequences or ultra-low-abundance viable cells. This finding
reinforces the necessity of applying and reporting rigorous contamination controls in all low-biomass
microbiome studies. We provide a replicable analytical pipeline to aid in this critical task. Future work
must employ techniques that confirm microbial viability (e.g., propidium monoazide sequencing) and
use standardized, multi-laboratory designs with shared negative controls to definitively resolve the
true nature of low-abundance signals in sterile tissues.
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Supplementary Table 1. DADA2 parameters per project
(truncation lengths, maxEE, filtering criteria).

Dataset Forward Reverse  maxEE_F maxEE_R Min Reads Chimera Dataset
Trunc (nt) Trunc (nt) After Filter Removal
PRJDB16338 240 180 2 2 1,000 Consensus PRJDB16338
PRIJNA541981 250 190 2 2 1,000 Consensus PRJNA541981

Note: All samples were processed with identical DADA2 parameters to minimize pipeline variation across datasets.
Truncation lengths were chosen based on quality profiles to maintain Q > 30.

Supplementary Table 2. Sensitivity analysis: PERMANOVA and alpha diversity
results across decontam thresholds. (0.7, 0.5, 0.3)

Threshold PERMANOVA R? PERMANOVA p-value Shannon p-value
(Status)
0.3 0.43 0.18 0.58
0.5 0.47 0.15 0.63
0.7 0.51 0.12 0.71

Note: The primary conclusions were unchanged across all thresholds. The decontam prevalence method
(threshold 0.5) was selected as the primary approach.

Supplementary Table 3. Sample exclusions.

Dataset Total Samples Samples Retained Exclusions Reason for Exclusion
PRIDB16338 8 8 0 None
PRINA541981 113 110 3 < 1,000 reads (n = 3)
Total 121 118 3

Note: All samples with < 1,000 reads after quality filtering were excluded.

Supplementary Table 4. Contamination control summary.

Dataset Negative Controls decontam ASVs % ASVs Known Contaminants
Available Threshold Removed Removed Detected
PRJDB16338 2 extraction blanks 0.5 34 12.4% Bradyrhizobium,
Ralstonia
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PRJNA541981 3 extraction blanks, 0.5 156 18.7% Bradyrhizobium,
2 PCR blanks Pseudomonas

Supplementary Table 5. Network inference sensitivity.

Threshold (|p]) Total Edges Positive Edges Negative Edges Nodes Modularity
0.3 347 213 134 89 0.51
0.5 156 98 58 67 0.47
0.6 (Primary) 89 56 33 54 0.42
0.7 41 27 14 38 0.36

Note: The primary network analysis used |p| > 0.6. Edges with p < 0.01 were retained. The primary network showed
a modularity of 0.42, suggesting moderate non-random structure. However, the sensitivity analysis demonstrates
that network properties are highly dependent on threshold choice, consistent with the known fragility of co-
occurrence inference in low-biomass data (Weiss et al., 2016).

Supplementary Table 6. Tissue type distribution.

Tissue Type Germ-Free Conventional Total
Gut 8 110 118
Total 8 110 118

Note: All samples across both projects were derived from gut tissue. PRIDB16338 provided germ-free mouse gut
samples, while PRINA541981 provided conventional human gut samples.

SparCC Network Sensitivity to Correlation Threshold
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Supplementary Figure 1. SparCC network sensitivity analysis:
edge counts across correlation thresholds (p =0.3, 0.5, 0.6, 0.7).

Supplementary Methods 1. Harmonization logic for combining datasets across projects.
Overview
To enable integrated analysis of multi-project 16S rRNA sequencing data, we implemented a systematic
harmonization pipeline to address technical heterogeneity arising from differences in sequencing platforms,
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primer sets, and laboratory protocols. The goal was to create a unified dataset while preserving biological
variation and minimizing artifacts introduced by project-specific factors.

Step 1: Study Selection and Initial Quality Control

All included projects were required to meet the following criteria:

- Documented germ-free status with appropriate sterility verification.

- Matched conventional (non-germ-free) controls processed in parallel.

- Raw FASTQ files available in public repositories (NCBI SRA or DDBJ DRA).

- Comprehensive metadata including tissue type, sample origin, and experimental conditions.
- At least two negative controls (extraction blanks) available per project.

Based on these criteria, two projects were retained: PRIDB16338 and PRJINA541981.

Step 2: Standardized Sequence Processing with DADA2

All raw sequencing data were processed independently per project using identical DADA2 v1.26.0 parameters
to minimize pipeline variation:

- Quality filtering: Forward reads truncated at 240-250 bp (depending on quality profiles), reverse reads at
170-190 bp; maxEE =c (2, 2)

- Denoising: Error rates were learned independently per project and applied using DADA2's “derepFastq” and
‘dada’ functions.

- Merging: Forward and reverse reads were merged with “'mergePairs’ using minimum overlap of 20 bp.

- Chimera removal: Chimeras were removed using DADA2's ‘removeBimeraDenovo™ with the consensus
method.

- Amplicon Sequence Variants (ASVs): The final ASV table for each project was generated using
‘makeSequenceTable.’

Step 3: Taxonomy Assignment

Taxonomy was assigned to ASVs using the SILVA v138.1 reference database with a minimum bootstrap
confidence threshold of 80%. This step was applied uniformly across all projects to ensure consistent
taxonomic labeling.

Step 4: Construction of Project-Specific Phyloseq Objects

For each project, a phyloseq object was created containing:

- OTU table: ASV abundance matrix (samples x ASVs).

- Taxonomy table: Taxonomic assignments for each ASV.

- Sample metadata: Included sample ID, tissue type, germ-free status, BioProject ID, and negative control
status.

Step 5: Merging Multi-Project Data into a Unified Phyloseq Object

To combine multiple phyloseq objects into a single dataset, we used the ‘'merge_phyloseq()’ function from
the phyloseq package. This function requires that:

- Sample IDs are unique across projects (we appended project-specific prefixes where needed).

- ASV sequences are identical across projects for proper merging by sequence identity.

- Sample metadata columns are consistent across all projects before merging.

Step 6: Cross-Project Normalization and Standardization

To ensure comparability across projects, the following standardization steps were applied to the merged
phyloseq object:

1. Read depth normalization: Samples with total reads < 1,000 were removed (n = 3 from PRINA541981).

2. Taxon name standardization: Taxonomic names were trimmed to a consistent level (Phylum, Class, Order,
Family, Genus) for downstream analysis. Unclassified taxa were labeled with the lowest available rank.
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3. ASV naming: ASVs were assigned unique identifiers (OTU_1, OTU_2, ..., OTU_N) to maintain consistent
referencing across analyses.

Step 7: Handling of Study ID and Batch Effect Assessment

To account for potential batch effects introduced by project-specific differences (e.g., sequencing center,
library preparation), we included Study ID as a covariate in all relevant statistical models, including
PERMANOVA. This approach allows us to:

- Test whether biological effects (e.g., germ-free status) are significant after accounting for project-specific
variation.

- Identify whether project-specific factors drive observed clustering patterns in ordination analyses.

The inclusion of Study ID as a covariate is clearly specified in the main Methods section under "Statistical
Analysis" and reported in Table 3 of the Results.

Step 8: Data Availability and Reproducibility

All raw data are publicly available under the accession codes listed in Table 1 of the main manuscript. The full
analysis pipeline, including all harmonization code, is archived at https://github.com/drababaei/Germ-Free-
Tissue-Microbiome to ensure full reproducibility.

Supplementary Methods 2. ANCOM-BC model specifications, zero handling, and normalization details.
Overview

To identify differentially abundant taxa between germ-free and conventional tissues, we applied Analysis of
Composition of Microbiomes with Bias Correction (ANCOM-BC) (Lin & Peddada, 2020). ANCOM-BC is a
statistical framework specifically designed to address the compositional nature of microbiome data, handling
high sparsity (zero-inflation) and correcting for sample-specific biases such as differences in sequencing depth.

Model Specification

The ANCOM-BC model is implemented in the ANCOMBC R package (v2.0). The primary model structure is as
follows:

log(Count_ij) = B_0j + B_j(Status_i) + &_ij

Where:

- Count_ij = observed count of taxon j in sample i

- Status_i = binary indicator (0 = conventional, 1 = germ-free)

- B_j = coefficient of interest representing the log fold-change of taxon j associated with germ-free status
- €_ij = error term

The model was fitted with the following parameters:

- Formula: ~ Status

- Covariates: None (unadjusted model) or ~ Status + Study_ID (adjusted model where indicated)

- Zero handling: Separate strategy for structural zeros vs. sampling zeros

- Multiple testing correction: Benjamini-Hochberg (FDR) with g < 0.1 considered statistically significant

Zero Handling Strategy
ANCOM-BC employs a two-part approach to handle zeros in microbiome data:

1. Structural Zeros

Structural zeros represent taxa that are truly absent from a given sample group. ANCOM-BC identifies
structural zeros using a zero-proportion test that compares the proportion of zero counts between groups.
Taxa with significantly higher zero proportions in one group are flagged as structural zeros and are not included
in the differential abundance test for that comparison.

In our dataset, structural zeros were identified using the following criteria:

- Groups compared: Germ-free vs. Conventional

- Minimum proportion threshold: 0.1 (i.e., at least 10% of samples in one group must have zero counts)

- Statistical test: Fisher's exact test with significance threshold p < 0.05
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2. Sampling Zeros

Sampling zeros represent taxa that are absent due to limited sequencing depth rather than true absence.
ANCOM-BC handles sampling zeros by:

- Adding a pseudo-count of 0.5 to all count values before log-transformation to avoid numerical instability.

- Using a log-linear model with bias correction to adjust for the underestimation of true abundances due to
sampling zeros.

Normalization and Bias Correction

1. Sample-Specific Bias Correction

ANCOM-BC corrects for sample-specific biases using an offset term in the model. The offset is estimated based
on the sample-specific detection probability, which accounts for differences in sequencing depth and library
size across samples.

2. Compositional Bias Correction

The method applies a weighted log-ratio transformation to normalize the data. For each taxon j, the centered
log-ratio transformation is calculated as:

clr(Count_ij) = log(Count_ij) - (1/K) x Z_k log(Count_ik)

where K is the total number of taxa. This transformation accounts for the compositional nature of the data by
scaling counts relative to the geometric mean of all taxa in the sample.

3. Covariate Adjustment

When Study ID was included as a covariate, the model was extended as follows:

log(Count_ij) = B_0j + B_j(Status_i) + y_j(Study_ID_i) + €_ij

This specification allows separation of study-specific effects from germ-free status effects.

Implementation Details

Parameter Value Description
formula ~ Status or ~ Status + Study_ID Main predictor variables
pseudo 0.5 Pseudo-count added before log
transformation
zero_cut 0.10 Minimum zero proportion threshold
for structural zero detection
verbose TRUE Print intermediate output for
diagnostic purposes
p_adj_method "BH" Benjamini-Hochberg method for
multiple testing correction
alpha 0.1 Significance level (q < 0.1 considered
significant)

Sensitivity Analysis

To assess the robustness of ANCOM-BC results to parameter choices, we performed the following sensitivity
checks:

1. Impact of pseudo-count: Results were compared using pseudo-count values of 0.5 (default) and 1.0. The
primary conclusions regarding significance patterns remained unchanged.

2. Impact of zero-cut threshold: Results were compared using zero-cut thresholds of 0.05, 0.10, and 0.15. No
differences in significant taxa were observed.

3. Impact of model specification: The model was run with and without Study ID as a covariate. Status effect
remained non-significant in both specifications, confirming robustness.

Software and R Code
ANCOM-BC analysis was performed using the following R packages and versions:

102



Biological Data 2026, 1(1), 86-103.

Package Version Purpose
ANCOMBC 2.0 Differential abundance analysis
phyloseq 1.42.0 Microbiome data management and filtering
tidyverse 2.0.0 Data manipulation and visualization

Results Interpretation
The key outputs from ANCOM-BC include:

Output Description Interpretation
B_j (log2FC) Log fold-change for taxon j Positive = higher abundance in germ-free;
Negative = lower abundance in germ-free
se Standard error Measure of estimate precision
Unadjusted p-value Nominal significance
q FDR-adjusted p-value Significance after multiple testing correction

Taxa were considered differentially abundant if:

-q < 0.1 (FDR-adjusted p-value)

| -B_j| 2 0.1 (log, fold-change equivalent to at least 10% relative difference)
- Not flagged as structural zero

Handling of Low-Abundance Taxa
Taxa with mean relative abundance < 1le-6 across all samples were excluded from ANCOM-BC analysis to

reduce computational burden and improve statistical power. A total of [N] taxa were retained for differential
abundance testing.

Reporting Standards
Results are reported in accordance with the STORMS (Strengthening the Organization and Reporting of

Microbiome Studies) guidelines (Mirzayi et al., 2021). Key elements include:
- Clear specification of the statistical model and covariates

- Reporting of both unadjusted and FDR-adjusted p-values

- Complete result tables in supplementary materials

- Effect sizes (log, fold-change) with confidence intervals

- Sensitivity analysis for parameter choices
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