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Abstract

The intestinal mucus layer forms an important barrier between the host epithelium and the gut
microbiota. Goblet cells are responsible for producing mucus, and they can respond to microbial
metabolites such as short-chain fatty acids through receptors including FFAR2. This study aimed
to investigate whether goblet cell-specific deletion of Ffar2 affects the composition and functional
activity of mucus-associated microbiota in the colon.

RNA-seq data from wild-type and Ffar2 goblet cell-specific knockout mice were analyzed using a
computational workflow. Reads were quality controlled and classified taxonomically to examine
bacterial community composition. Alpha and beta diversity analyses were performed to compare
bacterial diversity between groups. In addition, reads were mapped to a publicly available
Helicobacter typhlonius reference genome to investigate bacterial gene expression, and mouse
gene expression was also analyzed using the host read count matrix.

Most RNA-seq reads were assigned to the mouse host, while the bacterial fraction was smaller
and varied between samples. The bacterial community was dominated by a limited number of
taxa, including Helicobacter, and H. typhlonius was detected as an important bacterial species in
several samples. However, alpha diversity, beta diversity, and genus-level community profiles did
not show clear or statistically significant differences between wild-type and knockout samples.
Similarly, H. typhlonius gene expression and mouse host gene expression did not show significant
genotype-associated differences after correction for multiple testing. The most informative
bacterial result was the detection of highly expressed H. typhlonius genes in vivo, including genes
related to stress response, metabolism, respiration, motility, and general cellular function.

In conclusion, this study showed that bacterial RNA, especially from H. typhlonius, could be
detected in mouse colon mucus-associated RNA-seq samples. However, no clear evidence was
found for a strong effect of goblet cell-specific Ffar2 deletion on bacterial community composition,
H. typhlonius gene expression, or mouse host gene expression in this dataset. The results suggest
that individual sample variation and uneven bacterial read depth were major factors influencing
the analysis.



Popular scientific summary

The intestine contains many bacteria that help with digestion, immune function, and protection
against disease. These bacteria live close to the intestinal wall, but they are normally separated
from the body by a protective mucus layer. This mucus layer is produced by goblet cells and works
like a barrier between the host and the gut microbiota.

Bacteria can produce small molecules called short-chain fatty acids when they break down dietary
fiber. These molecules can be sensed by host cells through receptors such as FFARZ. In this project,
the focus was on mice where the Ffar2 gene was deleted specifically in goblet cells. The aim was
to investigate whether loss of this receptor changes the bacteria living in the mucus layer of the
colon, or changes the activity of these bacteria.

To study this, RNA sequencing data from wild-type mice and Ffar2 knockout mice were analyzed.
The data contained both mouse RNA and bacterial RNA. Most of the sequencing reads came from
the mouse, while the bacterial fraction was smaller and varied between samples. However,
bacterial RNA was still detected, and Helicobacter typhlonius was an important bacterial species
in several samples.

The bacterial community was compared between wild-type and knockout mice using diversity
analysis and taxonomic profiling. No clear difference was found between the two groups. The
activity of H. typhlonius was also studied by mapping RNA-seq reads to a reference genome. No
significant differences in H. typhlonius gene expression were detected between wild-type and
knockout mice, but several highly expressed bacterial genes were found. These genes were related
to stress response, metabolism, respiration, motility, and general bacterial cell function. This
suggests that H. typhlonius was active in the mucus environment.

Mouse gene expression was also analyzed, but no significant differences were found between
wild-type and knockout samples after statistical correction. Overall, the results suggest that
individual sample variation was stronger than the effect of Ffar2 deletion in this dataset. The study
also shows that sample preparation and the choice of sequencing approach are very important in
metatranscriptomic studies, because a high amount of host RNA can make it more difficult to
detect and analyze bacterial RNA.

This study is important because changes in the mucus barrier and gut microbiota are linked to
intestinal diseases such as inflammatory bowel disease and colorectal cancer. Understanding how
goblet cells sense bacterial signals may help future research identify new ways to support a
healthy intestinal barrier and prevent disease.
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Abbreviations
FFAR2 Free fatty acid receptor 2

Ffar2 Gene encoding free fatty acid receptor 2
GC Goblet cell

GPCR G-protein-coupled receptor

IBD  Inflammatory bowel disease

KO Knockout

MUC2 Mucin 2

OMV  Outer membrane vesicle

RNA-seq RNA sequencing

SCFA Short-chain fatty acid

WT  Wild type



Introduction

Colonic mucus barrier and host—microbiota interactions

The gastrointestinal tract is home to the largest and most diverse microbial community in the
body, composed predominantly of bacteria but also including viruses and fungi (Van Hul et al,,
2024). The intestinal microbiota is particularly abundant in the adult gut, where microbial cells
outnumber host cells, highlighting its substantial influence on host physiology (Sommer &
Backhed, 2013). These microorganisms play essential roles in host metabolism and immunity by
performing functions that the host (Van Hul et al, 2024) cannot accomplish independently,
including the fermentation of complex polysaccharides and the production of vitamins that
support epithelial differentiation and immune function (Sommer & Backhed, 2013; Hou et al,,
2022). Through continuous interactions with immune cells in the gastrointestinal tract, the gut
microbiota contributes to the maintenance of tissue homeostasis, while disruptions in microbial
composition or function have been associated with metabolic disorders, inflammatory bowel
diseases, and cancer (De Vos et al., 2022; Hou et al.,, 2022).

Goblet cells are single-cell glands present in both humans and other mammals, and they arise
through the differentiation of intestinal epithelial cells (Zhang and Wu, 2020). Their primary
function is the synthesis and secretion of mucins, which are the primary secretory products of
goblet cells and are responsible for generating the mucus layers that cover the intestinal surface
(Yang and Yu, 2021). Mucins are high-molecular-weight glycoproteins that are stored in granules
within goblet cells, and once released, it expands and forms a network-like structure on the
surface of the intestinal epithelium, creating the organized mucus barrier (Zhang & Wu, 2020). In
addition to constitutive secretion, goblet cells can modulate mucus release in response to changes
in the luminal microbial environment, contributing to maintenance of barrier integrity
(Birchenough et al., 2016).

Small intestine Colon
= Lumen Lumen
@ = o < S .7
=) = o3 "y .
4 e\ /¢ - y cHe
& 8 Mucus y 4
] . (2}
o : : o
(\h (_U
& »
5|8
(3]
[ &) E|=
A A o

GC

‘-
GC

\
Enterocyte

TS paneth cell Stem cell -~

Z ( Microbiota 3 Dietary fiber

Stem cell =~

Figure 1. The mucus layers of small and large intestine. Adapted from Luis and Hansson (2021),
Cell. © 2021 Luis and Hansson. GC= Goblet cells.



The colonic mucus barrier is organized into two distinct layers that separate the luminal
microbiota from the epithelium (Figure 1). The inner layer is dense, adherent to the epithelial
surface, and composed of tightly packed MUC2 polymers, making it largely impermeable to
bacteria and serving as the primary barrier against microbial contact (Pelaseyed et al,
2014;Birchenough et al,, 2016). In contrast, the outer mucus layer is looser and supports the
colonization of commensal and mucus-associated microorganisms (Birchenough et al.,, 2016a).
Together, these layers form a semipermeable barrier that limits microbial access to host tissues
while allowing diffusion of gases, water, and nutrients, and they can also trap pathogens and retain
antimicrobial factors (Gustafsson & Johansson, 2022; Zhang and Wu, 2020).

The microbial community located nearest to the host, within the inner mucus layer, exhibits a
distinct organization characterized by increased species diversity, selective exclusion of bacteria
from the class Gammaproteobacteria, and a structural integrity that relies on anaerobic bacterial
groups such as Clostridia (Duncan et al., 2021).

The colonic mucus barrier is more resilient than that of the small intestine; however, the colon
still hosts a greater number of microbes. Some of these microorganisms are able to penetrate and
reach the inner mucus layer. The greatest microbial variety is found in the outer mucus layer,
particularly in regions close to the epithelium (Zhao & Maynard, 2022).

In both mice and humans, the colonic crypts host a varied microbiota composed of aerobic and
anaerobic organisms that are also present within the mucus layers. These include bacterial groups
such as Bacteroidetes, Firmicutes, and Proteobacteria. The growth and proliferation of
Proteobacteria are enhanced by nutrients derived from apoptotic epithelial cells, indicating that
host-derived factors also facilitate microbial habitation of privileged, mucus-protected sites
within the intestine. Fusobacterium nucleatum attaches to colonic Muc2 and releases outer
membrane vesicles (OMVs) that penetrate the mucus layer and stimulate the gut epithelium (Zhao
and Maynard, 2022).

SCFA-FFAR2 signaling in goblet cells

The gut microbiota produces several metabolites, most notably short-chain fatty acids (SCFAs),
which are carboxylic acids generated through the fermentation of dietary fibers in the colon (
Wang et al,, 2023). SCFAs play a crucial role in maintaining the integrity of the intestinal mucosa
and, more importantly, in regulating the immune system, epigenetic mechanisms, and
inflammatory responses (Agus et al.,, 2021). These effects are largely mediated through signaling
via G-protein-coupled receptors (GPCRs). Consequently, SCFAs are key contributors to immune
modulation and the maintenance of intestinal homeostasis (Mafe & Biisselberg, 2025).

One of the principal mechanisms by which SCFAs act on host cells is through the activation of free
fatty acid receptors 2 (FFAR2), which is a member of the G-protein-coupled receptor family(Chun
etal, 2019). These receptors are widely expressed on intestinal cells and other host cell types and
are involved in regulating a range of physiological and cellular functions (Mishra et al., 2020).
FFARZ2, in particular, functions as a cell-surface receptor that initiates intracellular signaling upon
binding internal SCFAs by activating heterotrimeric G proteins. Through this signaling pathway,
FFAR2 plays an important role in mediating cellular responses to microbial-derived SCFAs
(Mishra et al,, 2020).

Goblet cells produce mucus in response to both intrinsic and extrinsic signals; however, the
specific mechanisms through which the gut microbiome regulates mucus secretion remain largely



unknown (Mishra et al., 2024). Recent studies have shown that colonic goblet cells widely express
(SCFA) receptors, specifically free fatty acid receptor 2 (FFAR2), which belongs to the family of G-
protein-coupled receptors (Caetano-Silva et al., 2024). These findings suggest that goblet cells are
capable of directly sensing microbial-derived SCFAs, highlighting a potential signaling pathway
through which the microbiota may influence mucus production and mucosal barrier function.
Nevertheless, the functional consequences of SCFA sensing by goblet cells, particularly in relation
to mucus regulation and colonic micro-ecology, remain poorly characterized.

Ffar2AGC model and systems biology analysis of mucosal micro-ecology

To investigate this knowledge gap, the Ffar2ZAGC mouse model, in which FFAR2 is selectively
deleted in goblet cells, provides a targeted approach to examine the role of FFAR2-mediated
signaling within the colonic mucosa. Goblet cells are central to mucus production and
organization, and disruptions to mucus structure are known to influence microbial behavior and
spatial distribution within the gut (Koh et al., 2016;Johansson & Hansson, 2016). Preliminary
observations from the Ffar2AGC model indicate that loss of FFAR2 in goblet cells is associated
with altered mucus properties, which may affect the ability of the mucus layer to separate luminal
microbes from the epithelial surface . Consistent with previous reports showing that mucus
integrity shapes microbial localization and composition(Schroeder et al., 2018), these changes
coincide with an increased abundance of mucus-associated bacteria and altered spatial
localization of microbes within the colonic mucosa.Given that SCFAs act as key microbial
metabolites that signal through receptors such as FFAR2 to influence host physiology (Koh et al.,
2016; Smith et al,, 2013), these preliminary findings suggest potential functional changes in the
mucosal microbiome associated with impaired SCFA sensing in goblet cells, warranting further
investigation into mucus-microbiota interactions.

Preliminary observations from the Ffar2AGC model report large numbers of Helicobacter-like
organisms within the mucus layer. 16S sequencing data suggests that these bacteria belong to the
species Helicobacter typhlonius (G. Birchenough, personal communication, 2025), that was
originally identified in mice (Franklin et al, 2001). This species has been used to model
microbially induced inflammatory bowel disease (IBD) in mice (Chichlowski et al., 2008) and can
also affect intestinal tumor formation in conditional Apc mutant(Dingemanse et al., 2015) . Hence,
such bacteria have been linked to altered mucosal environments and barrier disruption. Its whole
genome sequence also contains genes encoding for several potential virulence factors, for
example a pathogenicity island encoding a type IV secretion system (Frank et al,, 2016).

The colonic mucus environment represents a complex biological system in which host cells,
microbial communities, microbial metabolites, and gene expression interact across multiple
biological levels. The consequences of goblet cell-specific Ffar2 deletion may therefore not be
reflected by a single molecular change, but instead through coordinated changes in microbial
community structure, bacterial transcriptional activity, and host gene expression. Investigating
these interconnected processes represents a systems biology problem, where biological function
is studied at the level of interacting components rather than isolated molecular features
(Kitano,2002). RNA sequencing, combined with computational and statistical workflows,
provides an opportunity to investigate both microbial and host components within the same
biological system(Franzosa et al., 2014; Westermann et al., 2017). In the present study, RNA-seq
data were therefore analyzed to characterize mucus-associated bacterial communities,
investigate H. typhlonius transcriptional activity, and examine host gene expression in WT and
Ffar2AGC mice.



In summary, current evidence highlights the close interaction between microbial metabolites,
mucus-producing goblet cells, the intestinal mucus barrier, and the gut microbiota. However, the
specific contribution of goblet cell-restricted FFAR2 signaling to the regulation of mucus-
microbiota interactions remains poorly understood. Understanding this relationship is
particularly relevant because disruption of the intestinal mucus barrier and altered host-
microbiota interactions are associated with intestinal disorders, including inflammatory bowel
disease and colorectal cancer. Investigating how impaired goblet-cell SCFA sensing influences
microbial composition and activity may therefore provide mechanistic insight into processes
contributing to mucus barrier dysfunction and microbial dysregulation in these diseases. By
examining microbial community composition, bacterial transcriptional activity, and host gene
expression within the same biological context, this study applies a systems biology perspective to
characterize interconnected host-microbiota processes in the colonic mucus environment.

Aim

The overall aim of this study was to investigate how goblet cell-specific deletion of Ffar2 affects
the colonic mucus-associated micro-ecology and host-microbiota interactions using
transcriptomic and computational systems biology approaches.

To address this aim, the specific objectives were to:

1. Characterize and compare the mucus-associated bacterial community composition,
diversity, and Helicobacter typhlonius transcriptional activity between WT and Ffar2AGC
mice.

2. Assess whether goblet cell-specific deletion of Ffar2 is associated with changes in host
gene expression in the colonic environment.

3. Compare key outputs from the independently applied RNA-seq analysis workflow with
corresponding results generated using the nf-core/rnaseq best-practice pipeline, in order
to assess consistency and reproducibility and to identify potential improvements in the
computational analysis workflow.

Materials and Methods

Study Design

This study was designed as a computational investigation of mucus-associated RNA-seq data
obtained from colon samples of wild-type (WT) and goblet cell-specific Ffar2 knockout
(Ffar2AGC) mice. The overall purpose was to examine whether goblet cell-specific deletion of
Ffar2 was associated with changes in mucus-associated microbial community composition,
bacterial transcriptional activity, and host gene expression.

The analyses were performed using two complementary computational approaches. First, an
independently applied metatranscriptomic workflow was used to analyze the data, including
taxonomic classification of RNA-seq reads, bacterial diversity analysis, reference-based gene
expression analysis of Helicobacter typhlonius, and host mouse gene expression analysis. Second,
the same RNA-seq dataset was analyzed using the standardized nf-core/rnaseq pipeline (v3.26.0)
in order to compare key outputs with those obtained from the independently applied workflow.
This comparison was included to assess consistency, reproducibility, and the strengths and
limitations of the different computational strategies.

Initially, the project design also considered the use of Oxford Nanopore whole-genome sequencing
data to generate a sample-specific Helicobacter reference genome. However, because a completed



de novo assembly was not available during the time of analysis, a publicly available H. typhlonius
reference genome from NCBI was used for the reference-based bacterial gene expression analysis.

Data and samples

The dataset consisted of 10 colon mucus-associated RNA-seq samples, including five WT and five
Ffar2AGC samples. Paired-end FASTQ files were used as input for the bioinformatics analyses. The
same dataset served as input for both the independently applied metatranscriptomic workflow
and the nf-core/rnaseq workflow, except that the analytical focus differed between the two
approaches.

Overview of bioinformatics workflows

An overview of the two computational workflows used in this study is shown in Figure 2. The
independently applied workflow focused on RNA-seq-based taxonomic profiling, bacterial
diversity analysis, H. typhlonius expression analysis, and host gene expression analysis. The nf-
core/rnaseq workflow was used as a standardized best-practice RNA-seq pipeline to generate QC,
alignment, quantification, and downstream summary outputs for comparison.

nf-core/rnaseq v3.26.0 work flow
[ Input data

FASTQ files « sample sheet + reference genome + annotation

Metatranscriptomics
] work flow

s {

. — i
Preprocessing and QC Community profiling \
FastQC - optional Trim Galore s
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; ‘ Quality control Quality control
fastp « MultiQC fastp « MultiQC
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(
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dupRadar « geneBody_coverage * Preseq
3. Summary
MultiQC
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Statistical analysis
DESeq2

Step 1: host removal

Step 2: Helicobacter mapping

v
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v
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Final outputs for downstream analysis
QC reports « aligned files « count tables « abundance estimates

A B
Figure 2. Overview of the bioinformatics workflows used in this study. .(A) Standardized nf-core/rnaseq
v3.26.0 workflow used for best-practice RNA-seq processing and comparison of key outputs. (B)
Independently applied metatranscriptomic workflow used for community profiling, diversity analysis, H.
typhlonius expression analysis, and host gene expression analysis

Independenty applied metatranscriptomic workflow

RNA-seq—-based bacterial community composition

Quality control and preprocessing of RNA-seq reads

Raw paired-end RNA-seq reads were processed using fastp v0.24.0 (Chen et al,, 2018). Forward
and reverse reads from each sample were processed together. Automatic adapter detection for
paired-end reads was enabled (--detect_adapter_for_pe), and quality-based trimming was
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performed from both the 5’ and 3’ ends of the reads using the sliding-window functions (--
cut_front and --cut_tail). A Phred quality score of 30 was specified as the threshold for defining
qualified bases (--qualified_quality_phred 30). The resulting cleaned paired-end reads were
retained as separate R1 and R2 FASTQ files for downstream analyses. Quality-control reports
were subsequently summarized using MultiQC v1.22.2 (Ewels et al., 2016) to evaluate sequencing
quality across all samples.

Taxonomic classification of RNA-seq reads

Taxonomic classification of the quality-filtered RNA-seq reads was performed using Kraken2
v2.1.2 (Wood et al,, 2019). An initial exploratory classification was carried out using the standard
Kraken2 database. For a more targeted host-versus-bacterial classification, a custom Kraken2
database was subsequently constructed containing bacterial reference genomes together with the
Mus musculus GRCm39 reference genome. The Kraken2 taxonomy library was downloaded first,
followed by the bacterial genome library, and the mouse reference genome was then added to the
sequence library. These reference sequences were combined with the Kraken2 taxonomy
information to build a single custom database containing both host and bacterial sequences. The
custom database was used to classify reads into mouse-derived, bacterial, and unclassified
fractions. The resulting taxonomic assignments were then summarized at different taxonomic
levels for downstream community composition and diversity analyses.

Taxonomic abundance estimation using Bracken

Kraken2 classification reports were further processed using Bracken v2.6.2 with the same custom
mouse-bacteria database. A read length of 149 bp was specified, and abundance estimates were
generated at the family, genus, and species levels using a minimum read threshold of 12. The
resulting abundance tables were used for community composition analyses, while genus-level
estimates were used for downstream differential abundance analysis.

Diversity analysis of bacterial communities

Bacterial community diversity was assessed at the genus level using KrakenTools (Lu etal., 2022).
Alpha diversity was evaluated using the Shannon and Simpson indices to compare within-sample
diversity between WT and KO groups (Shannon, 1948; Simpson, 1949). The resulting alpha
diversity values were imported into R v4.4.1 using readr v2.1.6, combined with sample metadata,
and visualized as boxplots with individual sample points using ggplot2 v4.0.2. Differences
between WT and KO groups were tested using the Wilcoxon rank-sum test, with p < 0.05
considered statistically significant.

Beta diversity was assessed using Bray-Curtis dissimilarities generated with KrakenTools (Bray
& Curtis, 1957). The resulting distance matrix was used for principal coordinate analysis (PCoA),
in which pairwise Bray-Curtis distances between samples were transformed into coordinate axes
representing the major patterns of variation in bacterial community composition. The first two
PCoA axes were used for visualization. Differences in overall community composition between
WT and KO groups were tested by PERMANOVA using the adonis2 function in vegan v2.7.2 with
999 permutations (Anderson, 2001). Homogeneity of dispersion between groups was assessed
using the betadisper function.

Differential analysis of community composition

Differential abundance analysis was performed to identify bacterial genera that differed between
WT and FfarZAGC samples. Genus-level abundance estimates generated using Bracken v2.6.2
were used as input for analysis in R v4.4.1 with DESeq2 v1.46.0 (Love et al,, 2014). The statistical
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design was based on experimental condition (WT versus Ffar2AGC), and DESeq2 was used to
account for differences in sequencing depth and estimate changes in bacterial abundance between
the two groups. P-values were corrected for multiple testing using the Benjamini-Hochberg
procedure, and genera with an adjusted p-value < 0.05 were considered significantly differentially
abundant.

Helicobacter typhlonius reference-based gene expression analysis

Reference genome and annotation

The reference genome and corresponding annotation for Helicobacter typhlonius strain MIT 97-
6810 were obtained from NCBI GenBank, using assembly accession GCF_001460635.1 and
chromosome accession LN907858. The genome FASTA file and corresponding GFF annotation file
were checked to ensure consistency of sequence identifiers and compatibility with downstream
RNA-seq analysis. The resulting reference files were used for read alignment and gene-level
expression quantification.

Quality control and preprocessing of RNA-seq reads

The same quality-filtered paired-end RNA-seq reads generated using fastp v0.24.0 and quality
assessed using MultiQC v1.22.2, as described in the RNA-seq-based bacterial community
composition section, were used for subsequent H. typhlonius read alignment and gene expression
analysis.

Read alignment and host removal

Host-read removal

To reduce the host-derived signal before bacterial gene expression analysis, the quality-filtered
paired-end reads from each sample were first mapped to the Mus musculus GRCm39 reference
genome using STAR v2.7.11a (Dobin et al, 2013). The corresponding GRCm39.115 GTF
annotation was supplied during alignment. STAR was run with 16 threads, a maximum mismatch
proportion of 0.04 per read (--outFilterMismatchNoverReadLmax 0.04), a maximum of 20
mapping locations per read (--outFilterMultimapNmax 20), and --winAnchorMultimapNmax 50.
Splice-junction parameters included --alignSJoverhangMin 8, --alignSJDBoverhangMin 1, and --
sjdbOverhang 149. Alignments were written as coordinate-sorted BAM files, while reads that did
not map to the mouse genome were retained as paired FASTQ files using --outReadsUnmapped
Fastx. These unmapped reads were used as input for subsequent H. typhlonius alignment.

Mapping of non-host reads to H. typhlonius

Following host-read removal, the paired unmapped reads from each sample were aligned
separately to the H. typhlonius MIT 97-6810 reference genome using STAR v2.7.11a. Alignment
was performed using 16 threads, with a maximum mismatch proportion of 0.04 per read (--
outFilterMismatchNoverReadLmax 0.04), a maximum of 10 mapping locations per read (--
outFilterMultimapNmax 10), and --winAnchorMultimapNmax 50. The resulting alignments were
saved as coordinate-sorted BAM files and subsequently used for gene-level expression
quantification.

Quantification of gene expression

Gene-level expression quantification was performed using featureCounts from Subread v2.1.1
(Liao et al,, 2014). Coordinate-sorted BAM files from all 10 samples after alignment to the H.
typhlonius reference genome were quantified together using the corresponding NCBI annotation
file (GCF_001460635.1_htyphlonius_mit97-6810_genomic.gff). Paired-end fragments were
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counted (-p --countReadPairs), requiring both reads of a pair to be successfully aligned (-B), while
chimeric fragments were excluded (-C). The data were treated as unstranded (-s 0), annotated
features of type gene were counted (-t gene), and locus_tag was used as the gene identifier (-g
locus_tag). The resulting raw gene-count matrix was used for downstream differential expression
analysis.

Differential gene expression analysis of H. typhlonius

The raw gene-level count matrix generated by featureCounts was imported into R v4.4.1 and
analyzed using DESeq2 v1.46.0 (Love et al,, 2014). Samples were assigned to WT or Ffar2AGC
groups, and the statistical design was based on experimental condition. DESeq2 normalization
was applied to account for differences in library size before testing for differential expression
between the two groups. P-values were corrected for multiple testing using the Benjamini-
Hochberg procedure, and genes with an adjusted p-value < 0.05 were considered significantly
differentially expressed. Principal component analysis (PCA) was used to assess overall variation
in H. typhlonius gene expression between samples, and highly expressed genes were visualized
using a heatmap.

Mouse gene expression analysis

To investigate host gene expression, the coordinate-sorted BAM files generated from alignment
to the Mus musculus GRCm39 reference genome were quantified using featureCounts from
Subread v2.1.1. The corresponding Mus_musculus.GRCm39.115.gtf annotation was used, with
exons specified as the features to be counted (-t exon) and gene_id used to group exon counts at
the gene level (-g gene_id). Paired-end fragments were counted (-p --countReadPairs), requiring
both reads of a pair to be aligned (-B) and excluding chimeric fragments (-C). The data were
treated as unstranded (-s 0). The resulting raw gene-count matrix was imported into R v4.4.1 and
analyzed using DESeq2 v1.46.0 (Love et al, 2014), with experimental condition (WT versus
Ffar2AGC) used as the statistical design. P-values were corrected for multiple testing using the
Benjamini-Hochberg procedure, and genes with an adjusted p-value < 0.05 were considered
significantly differentially expressed. Principal component analysis (PCA) was used to assess
overall variation in mouse gene expression, and a heatmap was generated to visualize expression
patterns of selected genes.

nf-core/rnaseq v3.26.0 workflow

To provide a standardized best-practice comparison, the same RNA-seq dataset was also analyzed
using nf-core/rnaseq v3.26.0. This Nextflow-based pipeline performs reproducible RNA-seq
analysis including quality control, alignment, expression quantification, and generation of
downstream QC summaries. The pipeline was run using paired-end FASTQ files together with the
mouse reference genome and corresponding annotation file.

Within the nf-core workflow, raw reads were evaluated by FastQC and summarized by MultiQC.
Alignment-based processing was carried out using STAR, while expression quantification outputs
were generated using tools included in the pipeline such as Salmon and featureCounts. The
pipeline also produced multiple QC and summary outputs, including alignment statistics, sample-
level QC metrics, and exploratory summaries such as clustering and principal component analysis.

The nf-core/rnaseq workflow was not used for the taxonomic microbiome profiling or the H.
typhlonius-specific bacterial mapping analyses. Instead, it was included to provide a standardized
reference workflow for comparison with the independently applied RNA-seq analysis,
particularly for host RNA-seq processing, sample QC, and expression-related outputs.
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Workflow comparison strategy

To evaluate the consistency and reproducibility of the independently applied RNA-seq workflow,
selected outputs were compared with those generated using nf-core/rnaseq v3.26.0. The same
paired-end RNA-seq dataset and Mus musculus GRCm39 reference genome and annotation were
used for both approaches where applicable. The comparison focused on overlapping host RNA-
seq analysis steps, including quality-control summaries, STAR alignment statistics, gene-level
quantification generated by featureCounts, and sample-level gene expression patterns such as
PCA and clustering. Similarities and differences between the outputs were examined to determine
whether the standardized nf-core workflow supported the results obtained from the
independently applied analysis and to identify possible improvements in reproducibility and
workflow design. Taxonomic profiling, bacterial diversity analysis, and the H. typhlonius-specific
gene expression analysis were not directly compared with nf-core/rnaseq, as these analyses are
outside the primary scope of the nf-core/rnaseq pipeline.

Results

RNA-seg—-based bacterial community composition

Most RNA-seq reads were classified as mouse-derived, while the proportion of bacterial and
unclassified reads varied considerably between samples. Ffar2_KO_2, Ffar2_ WT_14, and
Ffar2_WT_16 contained comparatively higher proportions of bacterial reads, with Ffar2_WT_14
showing the largest bacterial fraction as well as a relatively high proportion of unclassified reads.
Overall, the bacterial signal was present in all samples but was unevenly distributed across the
dataset (Appendix Figure A1).

At the family level, the bacterial communities were mainly represented by Helicobacteraceae,
Lachnospiraceae, Oscillospiraceae, Staphylococcaceae, Micromonosporaceae, and
Streptomycetaceae, although their relative abundances varied considerably between samples
(Appendix Figure A2).

At the genus level, Helicobacter was prominent in several samples, while genera such as
Staphylococcus, Micromonospora, Streptomyces, Bacteroides, and Blautia were also detected.
Genus-level profiles varied between individual samples without a clear separation between WT
and Ffar2AGC groups (Appendix Figure A3).

At the species level, Helicobacter typhlonius was one of the most prominent bacterial species
detected and showed substantial variation in relative abundance between individual samples. It
was particularly dominant in some samples, whereas other samples contained larger proportions
of other bacterial species or taxa grouped as “Others.” Species such as Staphylococcus aureus,
Micromonospora coxensis, Escherichia coli, and Acutalibacter muris were also detected. Despite the
variation between individual samples, no clear species-level pattern separating WT and FfarZAGC
groups was observed (Figure 3).
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Species-Level Taxonomic Profile of Mucus-Associated Bacteria Species
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Figure 3. Species-level taxonomic composition of mucus-associated bacterial communities in WT and
Ffar2AGC samples. Stacked bars represent the relative abundance (%) of the most abundant bacterial
species in each sample. Less abundant species were grouped as “Others.”

Diversity analysis of bacterial communities
Alpha diversity was assessed using the Shannon and Simpson indices. No significant difference
was detected between WT and FfarZAGC samples for either Shannon diversity (p = 0.8345) or
Simpson diversity (p = 1, Wilcoxon rank-sum test). Although individual samples showed some
variation, there was no statistical evidence of a genotype-associated difference in within-sample
bacterial diversity (Appendix Figure A4).

Beta diversity was assessed using Bray-Curtis dissimilarities and visualized by principal
coordinate analysis (PCoA). The first two PCoA axes explained 59.2% and 16.7% of the variation,
respectively. WT and Ffar2AGC samples did not form clearly separated groups. Consistent with
this, PERMANOVA showed no significant difference in overall bacterial community composition
between genotypes (R? = 0.04898, p = 0.9), indicating that genotype explained only a small
proportion of the observed community variation (Figure 4).
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Figure 4. Beta diversity of mucus-associated bacterial communities in WT and Ffar2AGC samples. PCoA was
based on Bray-Curtis dissimilarities at the genus level. The first two axes explained 59.2% and 16.7% of the
variation, respectively. PERMANOVA showed no significant genotype-associated difference in community
composition (R* = 0.04898, p = 0.9).
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Genus-level community structure and differential abundance

PCA of genus-level bacterial abundance profiles showed substantial variation between individual
samples. The first two principal components explained 67% and 17% of the total variation,
respectively. WT and Ffar2AGC samples did not form distinct genotype-specific clusters,
indicating that the major patterns of genus-level variation were not clearly associated with
genotype (Appendix Figure A5).

A heatmap of the 30 most variable bacterial genera also showed mixed clustering of WT and
Ffar2AGC samples (Appendix Figure A6). Consistent with the PCA and differential abundance
analysis, no clear genotype-associated pattern was observed at the genus level.

Overall, bacterial community composition varied considerably between individual samples, while
no statistically significant genotype-associated differences were detected in alpha diversity, beta
diversity, or differential abundance.

Helicobacter typhlonius transcriptomic analysis

Following host-read removal and alignment to the H. typhlonius reference genome, the number of
reads assigned to H. typhlonius varied substantially between samples. Ffar2_muc_2 and
Ffar2_muc_16 showed the highest numbers of assigned reads, while Ffar2_muc_14 also contained
a comparatively high H. typhlonius signal. In contrast, the remaining samples had substantially
lower numbers of assigned reads. Thus, H. typhlonius transcripts were detected across the dataset,
but their representation was highly uneven between individual samples (Appendix Figure A7).

Helicobacter typhlonius gene expression analysis

PCA of H. typhlonius gene expression showed substantial variation between individual samples.
The first two principal components explained 32% and 18% of the total variance, respectively.
WT and Ffar2AGC samples did not form distinct genotype-specific clusters, indicating that the
major variation in H. typhlonius expression profiles was not clearly associated with genotype
(Appendix Figure A8).

To examine the overall expression profile of H. typhlonius, a heatmap was generated using the 30
genes with the highest mean normalized expression across all samples. Highly expressed genes
included transcripts associated with respiration, stress response, motility, and core cellular
functions, such as napA, ssrA, rnpB, groL, gdhA, acnB, flagellin A, peroxiredoxin, superoxide
dismutase, and several methyl-accepting chemotaxis proteins (Figure 5). The heatmap showed
variation between individual samples, but WT and FfarZAGC samples did not form clearly
separated genotype-specific clusters. Because the genes were selected based on overall
expression rather than statistical significance, the heatmap represents the general transcriptional
profile of highly expressed H. typhlonius genes.

Differential gene expression analysis identified no significantly differentially expressed H.
typhlonius genes between WT and Ffar2AGC samples after multiple-testing correction.
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Top 30 most highly expressed H. typhlonius genes
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Figure 5. Heatmap of the 30 most highly expressed Helicobacter typhlonius genes across WT and Ffar2AGC
samples. Genes were selected based on mean normalized expression across all samples. Expression values
were variance-stabilized, scaled by gene, and visualized with hierarchical clustering of both genes and

samples.

Mouse gene expression analysis

Mouse gene expression was analyzed to assess whether goblet cell-specific deletion of Ffar2 was
associated with changes in host transcriptional profiles. PCA showed substantial variation
between individual samples, with PC1 and PC2 explaining 64% and 14% of the total variance,
respectively. Several samples clustered closely, whereas Ffar2_muc_2, Ffar2_muc_12,
Ffar2_muc_14, and Ffar2_muc_16 were more separated from the main cluster. Overall, WT and
Ffar2AGC samples did not form completely distinct genotype-specific groups (Figure 6).
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Figure 6. PCA of mouse gene expression profiles in WT and Ffar2AGC samples. Each point represents one
sample and is colored according to genotype. PC1 and PC2 explained 64% and 14% of the total variance,
respectively. WT and Ffar2AGC samples did not form completely distinct genotype-specific groups.

Differential gene expression analysis identified no significantly differentially expressed mouse
genes between WT and Ffar2AGC samples after Benjamini-Hochberg correction. To visualize the
genes showing the strongest, although non-significant, differences between groups, a heatmap
was generated using the 30 genes with the lowest adjusted p-values. The heatmap showed
variation between individual samples, but no complete genotype-specific clustering was observed
(Appendix Figure A9). Thus, no statistically significant genotype-associated differences in host
gene expression were detected in this dataset.

Comparison of the independently applied workflow with nf-core/rnaseq

The independently applied H. typhlonius RNA-seq workflow was compared with nf-core/rnaseq
v3.26.0 using the same host-unmapped paired-end reads and the same H. typhlonius reference
genome. The two workflows showed highly consistent sample-level mapping patterns. In the
independently applied STAR-based analysis, uniquely mapped reads ranged from 1.52% to
66.11%, whereas the nf-core Bowtie2 analysis showed overall alignment rates ranging from
1.32% to 57.47%. In both workflows, Ffar2_muc_16 showed the highest H. typhlonius mapping
signal, followed by Ffar2_muc_2, while the samples with lower mapping percentages were also
consistent between analyses.

PCA of H. typhlonius gene expression also showed broadly similar sample-level structure between
the workflows. In the independently applied analysis, PC1 and PC2 explained 32% and 18% of the
variance, respectively, compared with 25% and 18% in the nf-core analysis. Although the
proportion of variance explained by PC1 differed, the relative distribution of samples was broadly
similar, and neither workflow showed clear separation between WT and Ffar2AGC samples.

Gene-level quantification also showed substantial overlap between the workflows. The
independently applied featureCounts analysis contained 1,948 gene identifiers, all of which were
also present in the nf-core Salmon output. The nf-core analysis contained 1,981 identifiers in total,
with the additional 33 identifiers corresponding to annotated pseudogenes.

Selected outputs from the independently applied host RNA-seq workflow were compared with
those generated using nf-core/rnaseq v3.26.0. STAR alignment results were highly consistent
across the two workflows. Uniquely mapped reads ranged from 11.56% to 84.33% in the
independently applied workflow and from 11.39% to 82.25% in nf-core/rnaseq, with the same
samples showing comparatively low mouse mapping in both analyses, particularly Ffar2_muc_14
and Ffar2_muc_2.

PCA also showed a similar overall sample structure between the workflows. In the independently
applied analysis, PC1 and PC2 explained 64% and 14% of the variance, respectively, whereas the
nf-core PCA based on all genes explained 29% and 21%. Despite these differences in explained
variance, Ffar2_muc_2, Ffar2_muc_12, Ffar2_muc_14, and Ffar2_muc_16 were among the samples
most separated from the main cluster in both analyses. Neither workflow showed complete
separation between WT and Ffar2AGC samples. The expression matrices from both workflows
contained the same 78,334 Ensembl gene identifiers. Further interpretation of similarities and
methodological differences between the workflows is provided in the Discussion.
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Figure 7. Comparison of H. typhlonius gene-expression PCA between the independently applied workflow
and nf-core/rnaseq. (A) PCA from the independently applied STAR-featureCounts workflow. (B) PCA from
the nf-core/rnaseq Bowtie2-Salmon workflow. PC1 and PC2 explained 32% and 18% of the variance in the
independent analysis and 25% and 18% in the nf-core analysis, respectively.

Discussion

The aim of this study was to investigate whether goblet cell-specific deletion of Ffar2 affected the
composition and functional activity of mucus-associated microbiota in the colon. The analysis
combined taxonomic classification, bacterial diversity and community profiling, Helicobacter
typhlonius gene expression analysis, and host mouse gene expression analysis. Overall, bacterial
RNA was detected across the samples, and H. typhlonius represented an important part of the
bacterial signal in several samples. However, no statistically significant genotype-associated
differences were detected in alpha diversity, beta diversity, H. typhlonius differential gene
expression, or host differential gene expression after multiple-testing correction. Across several
analyses, sample-to-sample variation was stronger than separation between WT and FfarZAGC
groups.
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A large proportion of reads was assigned to mouse, whereas the bacterial fraction was smaller
and varied markedly between samples. This is an important limitation in host-associated
metatranscriptomic studies because microbial transcripts may represent only a small proportion
of total RNA, reducing sensitivity for detecting bacterial expression differences (Pereira-Marques
et al,, 2024; Westermann et al., 2012, 2017). The uneven bacterial signal in the present dataset
therefore likely contributed to differences in statistical power between samples. The custom
Kraken? database containing mouse and bacterial references was useful for distinguishing host
and bacterial reads, but the resulting taxonomic profile is also dependent on database
composition. Benchmarking studies have shown that reference choice and parameter settings can
influence taxonomic assignments (Wright et al., 2023). The taxonomic results should therefore be
interpreted as a targeted characterization of the bacterial community represented by the selected
database rather than a complete survey of all microorganisms present.

Despite this limitation, Helicobacter was prominent in several samples, and H. typhlonius was
among the dominant species detected. This is biologically relevant because enterohepatic
Helicobacter species are well-known murine pathobionts that can influence intestinal
inflammation depending on the host background. H. typhlonius has previously been associated
with intestinal inflammation in susceptible mouse models, including IL10-deficient mice, and has
also been linked to modulation of intestinal tumor development together with Akkermansia
muciniphila (Chichlowski et al., 2008; Dingemanse et al., 2015). The detection of H. typhlonius
transcripts therefore indicates that this organism was not only present but transcriptionally
active in the mucus-associated environment.

The biological rationale for testing an effect of goblet cell-specific Ffar2 deletion was based on the
central role of goblet cells and SCFA-FFAR2 signaling in the mucus barrier. Goblet cells produce
MUC2 and include specialized populations involved in mucus barrier maintenance and responses
to bacterial signals (Birchenough et al., 2016; Nystrom et al., 2021). FFAR2/GPR43 is activated by
short-chain fatty acids produced by bacterial fermentation and has been linked to epithelial and
immune homeostasis (Koh et al., 2016; Maslowski et al., 2009). More recently, Blautia coccoides
was shown to support colonic mucus function under low-fiber conditions through acetate and
propionate production and Ffar2 activation (Holmberg et al., 2024). It was therefore reasonable
to expect that loss of goblet cell-specific FfarZ signaling could alter the mucus-associated
microbial community. However, the present data did not provide statistical evidence for a clear
genotype-associated shift. Alpha diversity, Bray-Curtis beta diversity, genus-level ordination, and
differential abundance analyses all showed greater variation between individual samples than
between genotypes. This does not demonstrate that FfarZ has no role in mucus-associated
microbial ecology; rather, any effect under the present conditions was either small or not
detectable with the available sample size and microbial read depth.

H. typhlonius transcriptional activity

The H. typhlonius expression analysis provided the clearest functional information from the
microbial component of the dataset. Although no H. typhlonius genes were significantly
differentially expressed between WT and Ffar2AGC samples, the most highly expressed genes
included functions related to respiration, stress response, metabolism, motility, and core cellular
processes, including napA, ssrA, rnpB, groL, gdhA, acnB, flagellin A, peroxiredoxin, superoxide
dismutase, and methyl-accepting chemotaxis proteins. Metatranscriptomic studies have shown
that transcriptional profiles can provide functional information that is not captured by taxonomic
composition alone (Franzosa et al., 2014). In this study, expression of stress-response and
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motility-associated genes suggests that H. typhlonius was actively adapting to the mucus-
associated niche.

This interpretation is biologically plausible based on work in related Helicobacter species. In H.
pylori, NapA and antioxidant systems including superoxide dismutase and thiol peroxidase
contribute to oxidative stress resistance and host colonization (Seyler et al.,, 2001; Wang et al,,
2005). Motility is also important for colonization of mucus-associated environments, and flagellar
regulation has been linked to colonization in H. pylori and H. hepaticus(Ottemann & Lowenthal,
2002; Sterzenbach et al,, 2008) . These comparisons should be interpreted cautiously because H.
typhlonius is a distinct species, but they support the biological relevance of the highly expressed
stress- and motility-related genes observed here.

An additional question is whether the type IV secretion system described in the H. typhlonius MIT
97-6810 genome is expressed in vivo. The reference genome contains a putative pathogenicity
island with type IV secretion system components and other virulence-associated genes (Frank et
al,, 2016). In H. pylori, the cag type IV secretion system is an important mechanism for host-cell
modulation and inflammation (Tegtmeyer et al, 2011). In the present study, obvious type IV
secretion genes were not among the 30 most highly expressed genes. However, selection of the
top-expressed genes was not designed to test pathway-specific expression, and absence from the
heatmap does not mean that these genes were not expressed. A targeted analysis of all annotated
type IV secretion and cag-associated genes would therefore be required before conclusions can
be drawn about their activity in vivo.

The host mouse RNA-seq analysis similarly identified no significant genotype-associated
differential expression after multiple-testing correction. PCA showed substantial variation
between samples but no complete separation of WT and FfarZAGC groups. One possible
explanation is that a goblet cell-specific transcriptional effect may be diluted in bulk colon mucus-
associated RNA-seq. Distinct goblet cell populations have specialized roles in mucus barrier
function (Nystrom et al.,, 2021), and changes restricted to a relatively small epithelial population
may therefore be difficult to detect in bulk material. Cell-type-enriched approaches, sorted goblet
cells, single-cell RNA-seq, or targeted validation of mucus-related genes could provide greater
sensitivity in future studies.

Method-focused comparison of computational workflows

The comparison with nf-core/rnaseq showed that the main conclusions of the independently
applied H. typhlonius workflow were reproducible despite differences in the computational
methods used. The independently applied workflow used STAR for reference alignment followed
by featureCounts for gene-level quantification, whereas the nf-core/rnaseq prokaryotic workflow
used Bowtie2 and Salmon. STAR was originally developed as a splice-aware RNA-seq aligner,
whereas Bowtie2 performs fast gapped alignment without splice-junction detection (Dobin et al.,
2013; Langmead & Salzberg, 2012). Because bacterial genomes generally lack introns, nf-
core/rnaseq uses Bowtie2 as the default aligner in its prokaryotic profile rather than a splice-
aware aligner such as STAR.

Despite these methodological differences, the sample-level mapping patterns were highly
consistent. In the independently applied STAR analysis, uniquely mapped reads ranged from
1.52% to 66.11%, while overall Bowtie2 alignment rates in nf-core/rnaseq ranged from 1.32% to
57.47%. In both workflows, Ffar2_muc_16 and Ffar2_muc_2 showed the strongest H. typhlonius
mapping signal, while samples with low mapping percentages were also consistently identified.
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The absolute percentages should not be interpreted as directly equivalent because STAR uniquely
mapped read percentage and Bowtie2 overall alignment rate represent different alignment
metrics. Nevertheless, the preservation of the relative pattern between samples suggests that the
large differences in H. typhlonius representation between samples were not dependent on the
choice of aligner.

A similar pattern was observed for gene-expression structure. In the independently applied
analysis, the first two PCA components explained 32% and 18% of the variance, compared with
25% and 18% in nf-core/rnaseq. Although the proportion of variance explained by PC1 differed,
the relative distribution of samples was broadly similar and neither workflow showed clear
separation between WT and Ffar2AGC samples. Some numerical differences are expected because
the two workflows used different approaches to expression quantification. featureCounts assigns
aligned fragments directly to annotated genomic features and produces count-based summaries
(Liao et al, 2014), whereas Salmon estimates transcript abundance using a probabilistic
framework and incorporates models intended to account for several sources of sequencing bias
(Patro et al, 2017). Therefore, identical expression values or PCA coordinates would not be
expected even when the same biological data and reference genome are analyzed.

The annotation comparison further supported the consistency of the analyses. All 1,948 gene
identifiers quantified in the independently applied workflow were also present in the nf-core
output. nf-core contained an additional 33 identifiers, which corresponded exactly to annotated
pseudogenes retained during processing. Thus, the difference in the total number of quantified
features reflected annotation handling rather than loss of genes from the independently applied
analysis. Taken together, the high agreement in mapping patterns, gene coverage, and overall PCA
structure indicates that the main interpretation substantial sample-to-sample variation in H.
typhlonius transcription without clear genotype-specific separation was robust to the use of two
different computational workflows. Rather than demonstrating exact equivalence between the
pipelines, the comparison shows that the principal biological conclusion was maintained when
the data were reanalyzed using a standardized nf-core workflow. The nf-core framework is
designed around portable, community-curated and reproducible computational pipelines, making
this comparison useful for evaluating the reproducibility of independently constructed analyses
(Ewels et al.,, 2020).

A similar level of consistency was observed for the host RNA-seq analysis. STAR alignment
percentages were closely comparable between the independently applied mouse workflow and
nf-core/rnaseq, with the same samples showing comparatively reduced mouse mapping,
particularly Ffar2_muc_14 and Ffar2_muc_2. PCA also identified broadly similar sample-level
patterns, although the proportion of variance explained by the principal components differed
between workflows. The independent analysis showed 64% and 14% variance for PC1 and PC2,
respectively, whereas the nf-core all-gene PCA explained 29% and 21%. Despite these numerical
differences, both analyses showed substantial inter-sample variation and no complete separation
between WT and FfarZAGC samples. Together with the H. typhlonius comparison, these results
indicate that the main biological interpretations were maintained across independently
implemented and standardized workflows.
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Ethical aspects, gender perspectives, and impact on the society

This study used an animal model to investigate how goblet cell-specific deletion of Ffar2 affects
the mucus-associated microbiota in the colon. All experiments were performed according to
approved ethical guidelines, and ethical approval was granted by the Gothenburg Committee for
Animal Ethics under approval number 6269 /24.

The use of mice was considered necessary because the study focuses on complex interactions
between goblet cells, mucus properties, immune responses, microbial communities, and bacterial
activity in the living colon. Although alternative models such as intestinal organoids and epithelial
cell cultures can reduce the need for animal experiments, they cannot fully reproduce the intact
colonic mucus environment. Therefore, replacement was not considered possible for this specific
research question.

The study followed the principles of the Replacement, Reduction, and Refinement the 3Rs. To
reduce animal use, the number of mice was kept to the minimum needed to obtain reliable results,
and samples were used efficiently to collect as much information as possible from each animal. To
refine the experiments, animals were housed under controlled conditions, monitored regularly,
and handled by trained personnel to minimize stress, pain, and discomfort.

Sex perspectives may be relevant because biological sex can influence gut physiology, immune
responses, and microbiota composition. Therefore, the sex of the animals should be considered
when interpreting the results. Gender perspectives are not directly applicable, as this was an
animal study and gender refers to social and cultural identity.

This project may contribute to society by increasing understanding of how mucus regulation
shapes host-microbiota interactions in the colon. Since altered mucus function and microbiota
activity are linked to intestinal diseases such as inflammatory bowel disease, this knowledge may
support future development of improved preventive or therapeutic strategies.

Future perspectives

The results of this study suggest several directions that could be explored in future work. One
important step would be to increase the number of biological replicates. Considerable variation
was observed between individual samples, particularly in the proportion of bacterial reads and
the amount of H. typhlonius detected. With only five WT and five Ffar2AGC samples, this variation
may have made smaller genotype-associated differences difficult to detect. A larger sample size,
together with methods that increase the recovery of microbial RNA from host-dominated samples,
could therefore provide a clearer picture of whether deletion of FfarZ in goblet cells influences the
mucus-associated microbial community.

Another important direction would be to obtain a strain-specific reference genome for the H.
typhlonius present in this mouse model. In the present study, a publicly available H. typhlonius
genome was used for mapping and gene-expression analysis. Long-read whole-genome
sequencing of an isolate from the experimental mice could provide a more representative
reference and allow strain-specific genes or genomic differences to be identified. This would be
particularly interesting because H. typhlonius transcriptional activity varied strongly between
samples, and genes related to stress responses, motility, and chemotaxis were among the highly
expressed genes. Previous studies have also shown that H. typhlonius can influence intestinal
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inflammation and tumor development in mouse models, supporting further investigation of its
functional role in the mucus environment (Chichlowski et al., 2008; Dingemanse et al., 2015).

Future studies could also investigate the host response at a more cell-specific level. Although no
statistically significant genotype-associated differences were detected in the bulk mouse RNA-seq
analysis, effects restricted to goblet cells or other specific cell populations may be difficult to
detect in whole-tissue transcriptomic data. Single-cell or spatial transcriptomic approaches could
therefore help identify more localized changes associated with loss of FFAR2 signaling. These
analyses could be combined with targeted experimental methods such as qPCR, immunostaining,
or controlled colonization experiments to examine whether changes in the mucus environment
affect H. typhlonius colonization or activity. This would be relevant given the established
connection between microbial metabolites, FFAR2 signaling, and intestinal barrier function
(Nystrom et al., 2021; Holmberg et al., 2024).

Overall, combining larger sample numbers, improved microbial reference data, and more targeted
experimental approaches could help clarify the biological relationship between goblet cell FFAR2
signaling, the mucus-associated microbiota, and H. typhlonius activity.
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Figure A1. Relative proportions of mouse-derived, bacterial, and unclassified reads across WT and
Ffar2AGC samples
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Figure A2. Family-level taxonomic composition of mucus-associated bacterial communities across WT and
Ffar2AGC samples. Stacked bars show the relative abundance (%) of the most abundant bacterial families
detected in each sample based on taxonomic abundance estimates. Each bar represents an individual
sample, and colors indicate different bacterial families. Families with lower relative abundances were
grouped as “Others.” The composition varied considerably between individual samples, with
Helicobacteraceae, Lachnospiraceae, Oscillospiraceae, Staphylococcaceae, Micromonosporaceae, and
Streptomycetaceae representing prominent families in several samples.
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Figure A3. Genus-level taxonomic composition of mucus-associated bacterial communities across WT and
Ffar2AGC samples. Stacked bars show the relative abundance (%) of the most abundant bacterial genera
detected in each sample. Each bar represents one individual sample, and colors indicate different bacterial
genera, while less abundant genera were grouped as “Others.” Helicobacter was prominent in several
samples, whereas genera including Staphylococcus, Micromonospora, Streptomyces, Bacteroides, and Blautia
were also detected at variable relative abundances. The overall genus-level composition varied between
individual samples without a clear pattern separating WT and Ffar2AGC groups.
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Figure A4. Alpha diversity of mucus-associated bacterial communities in WT and Ffar2AGC samples.

Boxplots show genus-level Shannon and Simpson diversity indices for individual samples in each genotype
group. Points represent individual samples. No significant differences were detected between WT and
Ffar2AGC groups for Shannon (p = 0.8345) or Simpson (p = 1) diversity using the Wilcoxon rank-sum test.
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PCA of Genus-Level Microbiome Profiles
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Figure A5. PCA of genus-level bacterial community profiles in WT and Ffar2AGC samples. Principal
component analysis was performed using genus-level bacterial abundance profiles. Each point represents
one sample and is colored according to genotype. PC1 and PC2 explained 67% and 17% of the total
variance, respectively. WT and Ffar2AGC samples did not form distinct genotype-specific clusters.
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Figure A6. Heatmap of the 30 most variable bacterial genera across WT and Ffar2AGC samples. Rows
represent bacterial genera and columns represent individual samples. Abundance values were scaled by
genus, with red indicating relatively higher and blue indicating relatively lower abundance. Hierarchical
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clustering was performed for both genera and samples, and the top annotation indicates genotype. WT and
Ffar2AGC samples did not form distinct genotype-specific clusters.
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Figure A7. Number of reads assigned to Helicobacter typhlonius across individual samples. Bars show the
total number of reads assigned following alignment of non-host RNA-seq reads to the H. typhlonius

reference genome. Substantial variation in H. typhlonius read representation was observed between
samples.
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Figure A8. PCA of Helicobacter typhlonius gene expression profiles in WT and Ffar2AGC samples. Each point
represents one sample and is colored according to genotype. PC1 and PC2 explained 32% and 18% of the
total variance, respectively. No clear separation between WT and Ffar2AGC samples was observed.
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Figure A9. Heatmap of the 30 mouse genes with the lowest adjusted p-values in WT and Ffar2AGC samples.
Rows represent genes and columns represent individual samples. Expression values were scaled by gene,
with red indicating relatively higher and blue indicating relatively lower expression. Genes were selected
according to the lowest adjusted p-values, although none reached statistical significance after multiple-

testing correction.
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