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Abstract

Background: Irritable Bowel Syndrome (IBS) is a chronic functional bowel disorder causing
abdominal discomfort, as well as transit deregulation with constipation and/or diarrhea. The
pathophysiology of IBS is poorly understood and believed to be multifactorial. The role of gut
microbiota in IBS has been investigated in several case-control studies, in particular via 165 rRNA
amplicon sequencing surveys. These studies, however, have not yet led to a consistent picture of
significant changes in gut microbial compositions across health and disease. One key bottleneck is
the modest cohort sizes of most individual studies and a high diversity of experimental,
bioinformatics, and statistical analysis approaches across studies.

Results: We address these shortcomings by presenting MetalBS, an open-access data repository
and associated meta-analysis workflow of thirteen 16S rRNA amplicon datasets comprising both
fecal matter and sigmoid biopsy samples spanning ~ 2,500 IBS and healthy individuals. MetalBS
includes a tailored computational framework that (i) enables coherent de novo processing and
taxonomic assignments of the raw 16S rRNA amplicon reads across experimental protocols and
sequencing technologies, and (ii) statistical workflows for visualization and analysis at different
taxonomic ranks and data granularity. Our statistical meta-analysis shows that popular high-level
microbiome summary statistics, including Firmicutes/Bacteroidota ratios or diversity indices, are
insufficient for reliable discrimination between IBS patients and healthy controls. Fine-grained
multi-method differential abundance and classification analysis, however, can identify sets of
differentially abundant taxa that replicate across multiple datasets, including Coprococcus
eutactus and Alistipes finegoldii.

Conclusions: MetalBS provides a curated and reproducible data and (meta-)analysis resource for
amplicon-based IBS research at unprecedented scale. MetalBS allows assessing the heterogeneity
of IBS cohorts across multiple experimental protocols, sample types, and IBS phenotypes. Our
framework will likely contribute to more coherent insights into the role of the microbiome in IBS
and the discovery of reliable microbial IBS biomarkers for follow-up functional and translational
studies.
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Background

Irritable Bowel Syndrome (IBS) is a chronic intestinal disorder affecting approximately 10-25% of
the general population worldwide. It is characterized by (1) frequent abdominal pain, defined by
one or more days per week for the previous three months; (2) an absence of alarming signs such
as gastrointestinal bleeding, palpable abdominal mass or personal history that may suggest the
presence of colorectal cancer (CRC) or inflammatory bowel disease (IBD); and (3) at least two out
of these other symptoms: pain during defecation, change in stool frequency and/or change in stool
morphology [1, 2, 3, 4, 5]. Its diagnosis relies on the Rome criteria (currently Rome IV), previously
enumerated, defining it into four subtypes: constipation (IBS-C), diarrhea (IBS-D), mixed (IBS-M)
or unclassified [1]. While IBS is a chronic syndrome impairing quality of life, it remains poorly
understood with no curative treatment to date [1], thus requiring continued concerted scientific
investigations into this peculiar idiopathic disease.

The roots of IBS pathophysiology are likely multifactorial, with reported alterations in gastroin-
testinal motility, visceral sensitivity, gut inflammation, and intestinal permeability [1, 4, 6]. All
these elements can be modulated by the microbiome residing in the gut [6], and with increasing
evidence of its role in other human diseases [7], IBS is strongly suspected to be related to some
dysbiosis of the gut microbiota. Indeed, experimental systems with fecal transplantation of gut mi-
crobes from IBS patients to germ-free mice demonstrated alterations in the gut function, notably
in the gastrointestinal transit, the permeability of the intestinal barrier, and the immune system
homeostasis [8, 9]. In addition, acute gastroenteritis infections increase the risk of developing IBS
by 4.2-fold in the year following the infection [10, 5], a phenomenon known as post-infectious IBS.
Taken together, cumulative reports suggest a role of the gut microbiome in triggering and/or sus-
taining IBS symptoms. However, a defining gut microbial feature responsible for IBS has yet to be
elucidated [1, 11, 12].

The gut microbiota is a complex ecosystem of various microorganisms, including yeast, proto-
zoa, archaea, viruses, and predominantly bacteria [7]. Despite numerous studies comparing the
gut microbiome composition in IBS patients and healthy controls, few of them reported consistent
results [12, 11, 6]. Some recurrent evidence of dysbiosis include alterations in the Firmicutes to Bac-
teroidota (F/B) ratio [13, 14, 15, 16], and in the relative abundance of members of the Clostridiales
order [14, 15, 2, 17, 18], and the Ruminococcaceae [14, 19, 17, 20, 21, 22, 23], Streptococcaceae
[21, 15, 13, 24, 25|, or Enterobacteriaceae [22, 23, 17, 26, 27] families. Although these microbial
taxa are regularly highlighted in case-control studies, there is no consensus on whether they are
increased or decreased in IBS [11, 12, 28].

These inconsistencies can be explained first and foremost by limited cohort sizes (many studies
have 50 or fewer IBS patients), as well as the large heterogeneity in enrollment criteria, geographi-
cal localization, and thus, dietary habits. Moreover, differences in experimental protocols, amplified
variable regions and sequencing technologies may have influenced the microbial species detected.
Finally, in the case of analysis of 16S rRNA sequencing data, studies have employed diverse bioinfor-
matics pipelines (e.g., Qiime, Mothur, Usearch, Uparse) [29, 30, 31, 32], reference databases for the
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taxonomic alignment, such as, e.g., Silva, Greengenes, Ribosomal Database Project) [33, 34, 35, 36],
and statistical analysis approaches, all of which may further contribute to inconsistencies. There-
fore, comparisons between studies or interpretation of gut microbial alterations in IBS patients are
limited.

To overcome the limitations of small cohort sizes and controversial findings due to varying pro-
tocols and bioinformatics pipelines, we introduce a standardized meta analysis of 16S rRNA se-
quencing data across thirteen IBS studies, called MetalBS, enabling consistent comparison of gut
microbiome compositions in IBS patients versus healthy controls. To this end, we inferred Amplicon
Sequence Variants (ASVs) de novo from raw 16S rRNA read sequences using a standardized bioin-
formatic pipeline with a single reference database, thus enabling merging and cross-comparison of
all datasets. All data files and associated fully documented and reproducible processing scripts are
publicly available at https://github.com/bio-datascience/MetalBS, thus providing a central
resource for the scientific community to gain insights into the role of the gut microbiota in IBS
pathophysiology. To illustrate the capabilities of this resource, we performed statistical analysis of
a total of 2651 samples from 2356 individuals across ~80,000 ASVs, using state-of-the-art log-ratio,
a-diversity, dimensionality reduction, differential abundance, and regression analysis techniques.
We hypothesized that this approach would reduce inconsistencies across studies, and, ultimately,
reveal insights on the role of the gut microbiome in IBS patients.

We found that high-level microbiome composition descriptors, such as F/B ratios or a-diversity,
are inconsistent for IBS diagnosis. However, fine-grained multi-method differential abundance test-
ing revealed 38 microbial genera that were differentially abundant in at least three datasets, most
of which belonged to the Ruminococcaceae or Lachnospiraceae families (Clostridia class) and were
decreased in IBS samples. MetalBS also enabled cross-study identification of eight differentially
abundant taxa on the strain level by merging two datasets that amplified the same variable region
of the 16S rRNA gene and contained subsets of identical ASVs.

Results

Data collection and pre-processing

We collected datasets of 16S ribosomal RNA (16S rRNA) sequencing studies and analyzed the
data with a standardized pipeline. We included published case-control studies that compared
the microbiome composition of healthy and IBS individuals using 16S rRNA sequencing. Studies
in children and interventional clinical studies were excluded. We identified 41 studies matching
our inclusion criteria, as shown in Figure 1, thirteen of which either had their raw data publicly
available or were kindly shared after inquiry by the authors [15]. Details on the included datasets
are summarized in Table 1. We will refer to specific datasets by the name of the first author of the
respective study (Table 1). Individuals were all diagnosed with IBS by a physician based on Rome III
or Rome IV criteria. The Rome IV criteria have a stricter definition of abdominal pain frequency;
however, 85% of patients with Rome III criteria also fulfill the Rome IV criteria [37]. From the
American Gut Project (AGP) [38], we only included samples from individuals who reported being
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Figure 1 Overview of the meta-analysis. (A) Flowchart summarizing the identification of datasets that used 16S
rRNA sequencing to compare microbiome composition in healthy versus IBS (case-control studies), then the
re-processing of raw fastq files from the included datasets, followed by the final number of samples that passed the
filtering steps. (B) Taxonomic tree representing the microbial genera detected in all samples. The outer circles
represent the number of ASVs across all datasets that were found to belong to a specific genus (blue gradient); the
number of datasets in which a specific genus was present (yellow gradient); and whether each genus was found in

only in fecal samples, sigmoid colon biopsy samples, or both (grey scale).

diagnosed by a medical professional (see Materials & Methods). Hence, we ensured that the IBS

diagnosis criteria across datasets were comparable. In datasets with available covariates, we verified

that age, BMI, and gender distributions were comparable between healthy and IBS individuals
(Supplementary Table S1). The Lo Presti dataset [39] had significantly more women in the IBS
group, and in the Zhu dataset [40], IBS individuals were significantly older than their healthy
counterparts (Supplementary Table S1). In all other datasets with available covariates, cases and
controls had comparable demographic characteristics.

MetalBS comprises data from three sequencing technologies, including Illumina MiSeq [41, 19,
23, 28, 24, 40, 42, 38], 454 pyrosequencing [13, 39, 25], and Ion Torrent [15, 14] (see Table 1). For all
samples, we inferred de novo amplicon sequence variants (ASVs) from raw FASTQ files and assigned
taxonomy with the Silva reference database [33, 34]. More details on the standardized pre-processing
pipeline and the number of samples that passed quality control can be found in Supplementary Ta-

bles S2 and S4, as well as the code repository at https://github.com/bio-datascience/MetalBs.
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Table 1 Characteristics of included datasets

Studies Country ## samples ana-  IBS diagnosis DNA isolation protocol Sequencing platform Variable region Reference
lyzed (HC/IBS) (primers)

Labus et al., 2017 USA 23/29 Rome Il PowerSoil Kit (MO BIO) 454 pyrosequencing V3-V5 (357F/926R)  [13]

Lo Presti et al., 2019 Italy 34/23 Rome IV DNA Stool Mini Kit (QIAGEN) 454 pyrosequencing V1-V3 (28F/519R) [39]

Ringel-Kulka et al., 2015 USA 75 Rome Il Mechanical disruption, phe- 454 pyrosequencing V1-V2 (8F/357R) [25]
nol/chloroform  extraction, alcohol
precipitation

AGP, 2021 USA 594 /589 N/A PowerSoil Kit (QIAGEN) Illumina MiSeq V4 (515F /806R) [38]

Liu et al., 2020 China 44/84 IBS-D Rome IV E.Z.N.A. Soil DNA Kit (Omega Bio-  Illumina MiSeq V3-V4 (338F/806R) [41]
tek)

Pozuelo et al., 2015 Spain 88/185 Rome Il Mechanical disruption with beads, al-  Illumina MiSeq V4 (515F /806R) [19]
cohol precipitation

Fukui et al., 2020 Japan 26/84 Rome Il GENE PREP STAR PI-480 (Kurabo lllumina MiSeq V1-V2 (27F /338R) [23]
Industries)

Hugerth et al., 2020 Sweden 404/121 Rome IV ZR-96 Genomic DNA MagPrep lllumina MiSeq V3-V4 (341F/805R)  [28]
(Zymo Research)

Mars et al., 2020 USA 24/45 Rome Il PowerSoil Kit (QIAGEN) Illumina MiSeq V4 (515F /806R) [24]

Zhu et al., 2019 China 14/15 Rome Il PowerSoil Kit (MO BIO) Illumina MiSeq V4 (515F /806R) [40]

Zhuang et al., 2018 China 10/20 IBS-D Rome 11 PowerFecal Kit (MO BIO) Illumina MiSeq V3-V4 (338F/806R)  [42]

Nagel et al., 2016 Australia 15/15 IBS-D Rome Il DNA Stool Mini Kit (QIAGEN) lon Torrent V4 (515F /806R) [15]

Zeber-Lubecka et al., 2016  Poland 17/73 Rome Il DNA Stool Mini Kit (QIAGEN) lon Torrent lon 165TM Metage- [14]

nomics Kit (V2-4-8,
V3-6, V7-9)
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In total, 79,943 ASVs were detected across 2,651 samples, with 2,220 stool samples and 431 biopsy
samples obtained from the sigmoid colon mucosa (Fig. 1A). These ASVs belonged to 48 phyla and
973 known genera (see Fig. 1B), two thirds of which were detected in only one dataset. Genera were
almost exclusively found either in stool samples only, or in both stool and sigmoid colon biopsy
samples (Fig. 1B). Biopsy samples exhibited a higher proportion of Firmicutes (Supplementary Fig.
S2B) compared to stool samples.

Overall, our standardized bioinformatics pipeline offers a coherent processing of raw 16S rRNA se-
quencing reads into ASV and taxonomic tables. This sets the stage for robust downstream statistical
analyses to identify replicable microbial IBS biomarkers across datasets.

Firmicutes to Bacteroidota ratios and a-diversity are not always altered in IBS

The literature on gut microbiome compositions in IBS gives inconclusive results regarding changes
in high-level indicators such as a-diversity or changes in the ratios of the main bacterial phyla
Firmicutes, Bacteroidota, or Proteobacteria [11]. We thus examined first whether standardized
processing and analysis approaches allow to observe a consistent change in the commonly reported
Firmicutes to Bacteroidota (F/B) ratio and/or a-diversity across the MetalBS datasets.

To get a first overview of the data, we examined the relative abundances of the top five most abun-
dant phyla across all samples (Supplementary Fig. S3). As expected, Firmicutes and Bacteroidota
represented the majority of the gut microbial composition in both fecal and sigmoid colon biopsy
samples, followed by Proteobacteria, Actinobacteriota, and Verrucomicrobiota (Supplementary Fig.
S3A,B). Sigmoid colon biopsy samples exhibited an overall higher abundance of Firmicutes and
lower abundance of Bacteroidota compared to fecal samples (Supplementary Fig. S3B,D). Despite
healthy and IBS samples showing high variability in their phylum composition (Supplementary Fig.
S3A), the average phylum composition in each disease group was stable across time points in both
fecal or sigmoid colon biopsy samples, as seen in the Pozuelo and Mars datasets, respectively (Sup-
plementary Fig. S3E). We did not observe any noticeable changes in the relative abundance of the
main phyla between healthy and IBS samples (Supplementary Fig. S3D), which is partly explained
by the high variability in observed phylum compositions (Supplementary Fig. S3A). The IBS- M
subgroup did show higher abundance of Bacteroidota compared to healthy controls (Supplementary
Fig. S3C). However, IBS subtypes were represented unequally across datasets, and the observed
IBS-M microbiome compositions largely come from the Pozuelo and Zeber-Lubecka datasets and
consist of fewer samples (n=67). Future datasets with more IBS-M samples are required to confirm
the relevance of this observation.

To get a quantitative asssessment of potential alterations in the main phyla, we compared the
F/B ratio between healthy and IBS individuals. In fecal samples, the F/B ratio was significantly
increased in two datasets, while decreased in two other datasets (Fig. 2A). The majority of datasets
had no significant change in the F /B ratio, both in fecal and sigmoid mucosa samples. In the Pozuelo
dataset, we observed a significant decrease in F/B ratio in the IBS group compared to the healthy
controls across both available time points (Fig. 2C). We next asked whether alterations in F/B ratio
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may be dependent on the IBS subtype (Fig. 2D). In fecal samples, we found a significant increase in
F/B ratio in IBS-D patients from the Labus dataset, but observed the opposite for the Pozuelo data.
Similarly, the Mars and Zeber-Lubecka datasets had a significant increase in F/B ratio in IBS-C
patients, while the LoPresti dataset showed a significant decrease. However, since the number of
samples in IBS subgroups is small (more than half of the subgroups have n < 15 samples), these
observations may be skewed by outliers. In the AGP dataset, where IBS subtypes were presumed
from available metadata on bowel movement quality and frequency, we observed no significant
change in F/B ratio between healthy controls and IBS patients reporting diarrhea or constipation
(Supplementary Fig. S5). Taken together, these observations show no consistent alteration in the

F /B ratio across cohorts, despite using a standardized bioinformatic and statistical framework.
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Figure 2 Log ratio of Firmicutes:Bacteroidota absolute count in (A) all fecal samples, as shown for each dataset
separately (only 1st collection time point for Pozuelo); (B) all biopsies of sigmoid colon, as shown for each dataset
separately (only 1st collection time point for Mars); (C) samples from a first or second collection time point in the
Pozuelo and Mars datasets; (D) datasets with information on IBS subtype (constipation IBS-C, diarrhea IBS-D,
mixed IBS-M). Statistical significance determined by a two-way wilcoxon test (* p<0.05 ; ** p<0.01; *** p<0.001).

Next, we asked whether the a-diversity was altered in IBS samples, a heavily debated topic in the
literature [11, 12, 28]. In fecal samples, the Shannon index was significantly decreased in IBS patients
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in the Labus, Pozuelo, and Fukui datasets, but increased in the Zhu cohort (Supplementary Fig.
S4A). This was also the case when measuring the Simpson index, with the exception of the Labus
dataset, where we observed no significant change in a-diversity in IBS samples (Supplementary
Fig. S4B). When looking more specifically at IBS subtypes, the Labus and Pozuelo datasets showed
a significant decrease in a-diversity in IBS-C and in IBS-D patients, respectively, compared to
healthy controls (Supplementary Fig. S4C). The majority of datasets showed no changes in the gut
microbiome’s a-diversity between IBS patients and their healthy counterparts.

While previous works reported contradicting results on alterations of F/B ratio or a-diversity in
IBS patients, our standardized pipeline still could not resolve these inconsistencies across cohorts.
This suggests that these inconsistencies across studies are not due to the difference in processing
and statistical methods, but may simply reflect that the F/B ratio and a- diversity are not defining
features of IBS.

Microbial composition is more affected by sequencing technology than IBS status

To assess whether there exist apparent global IBS “microbiome signatures” across samples and
datasets, we next performed a host of unsupervised exploratory data analysis techniques includ-
ing principle coordinate analysis on individual datasets, and clustered heatmap visualization and
Uniform Manifold Approximation and Projection (UMAP) [43] on the entire MetalBS corpus.

Since different variable regions of the 16S rRNA gene were amplified across studies, no globally
shared sets of ASVs were available (see, however, Fig. 5A for subsets of shared ASVs). To enable
cross-study analysis and prevent samples from clustering by dataset-specific ASVs, we first aggre-
gated taxa to the family level. Figure 3A shows a heatmap of all microbial family abundances that
were present in at least three MetalBS datasets. We then computed pairwise Aitchison distances
[44] (i.e., Euclidean distances between log-ratios of microbial family compositions) between all sam-
ples and constructed a low-dimensional embedding of the microbial compositions using UMAP [43]
(Fig. 3B).

The heatmap of family relative abundance patterns revealed a clear patterning by sequencing
technology (in particular, 454 pyrosequencing vs others), and on a more fine-grained level, by
dataset (e.g., Liu vs others) (Fig. 3A). Disease status, on the other hand, did not induce apparent
large-scale abundance profile differences within individual studies. We confirmed this behavior by
testing whether the compositional means of the abundant families were significantly different across
datasets and across disease status, respectively, using pairwise compositional mean equivalence
tests (see Methods)[45]. We confirmed that mean compositions across all pairs of datasets were
significantly different whereas, with respect to IBS status, only the Zhu, the Pozuelo, and the Fukui
datasets showed significant changes in compositional means.

Similarly, sigmoid colon biopsy samples showed no clear distinction in microbial families be-
tween healthy and IBS individuals, and samples clustered partially by dataset (Supplementary Fig.
S6A,B). This is also confirmed in the UMAP visualization. Whereas samples from the American
Gut Project (AGP) cover a large extent of the UMAP, all other datasets span distinct regions in the


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.22.575775; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Carcy et al. Page 9 of 38

Dataset

Dataset
Labus

B LoPresti
Ringel

W AcP
Liu

W Pozuclo

Fukui

UMAP 2

Nagel
[ zever-Lubecka
Seq. technology
[ 454 pyrosequencing
lllumina single-end

llumina paired-end
lon Torrent

Disease phenotype

soliwey

Healthy
1BS
NA Disease phenotype Seq. technology

Relative abundance

3
UMAP 2
UMAP 2

o 454 pyrosequencing:

lllumina single-end
o lllumina paired-end
= lon Torrent

UMAP 1 UMAP 1

o Healthy

I!CH3 * 1BS
- o NA

Samples

Figure 3 Sequencing technology biases microbial composition. (A) Heatmap of microbial families abundance in all
fecal samples. Only families present in at least 3 datasets are shown. Families are in rows, clustered with the ward
algorithm; samples are in columns, ordered by dataset and disease phenotype. Counts were normalized (sum per
sample is 1). (B) UMAP was run on log-ratios between microbial families in all fecal samples. Samples are colored by
dataset (top), disease phenotype (bottom left), or sequencing technology (bottom right). (A-B) All fecal samples
were plotted (n=2,220), including both collection time points in the Pozuelo dataset.

map (Fig. 3B, top panel). We observed no clear separation of IBS samples from the healthy ones
in the low-dimensional projections (Fig. 3B, lower left panel), even when looking more specifically
at IBS subtypes (Supplementary Fig. S6C). Rather, samples obtained by 454 pyrosequencing clus-
tered separately from other sequencing technologies (Fig. 3B, lower right panel). This suggests that,
despite using the same denoising scheme and reference database for taxonomic alignment of ASVs
in all datasets, observed microbial compositions are still highly dependent on the experimental
protocol and dataset, and that this effect is greater than the healthy/IBS status of the host.

In order to eliminate experimental biases, we repeated our analysis in individual datasets with
large cohorts, notably AGP, Hugerth, and Pozuelo. Since we conducted the analysis separately
in each dataset, we did not need to aggregate taxa. We computed the Bray-Curtis dissimilarity
and visualized samples by Principle Coordinate Analysis (PCoA) [46]. Once again, healthy sam-
ples overlapped with IBS samples (Supplementary Fig. S7). Interestingly, in the Pozuelo dataset,
fecal samples from the same individual taken within a month’s interval showed large dissimilarities,
suggesting higher variability at lower taxonomic levels compared to the phylum composition (Sup-
plementary Fig. S3E). As expected, the first axis separates fecal and sigmoid colon biopsy samples
in the Hugerth dataset (Supplementary Fig. S7). Overall, this suggests that IBS patients do not
exhibit major alterations in their microbial communities, and that there exist no broad microbial
signatures associated with IBS.
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Taken together, the present exploratory data analysis revealed that (i) experimental protocols and
sequencing technology have a larger effect on the observed microbial compositions than a host’s
pathophysiology and that (ii) exploratory data analysis of individual datasets with larger cohort
sizes did not reveal apparent shifts in community composition of IBS patients.

Differential abundance testing reveals taxa associated with IBS across datasets

We next investigated whether we could consistently detect compositional shifts in subsets of mi-
crobial taxa in IBS patients across datasets. Specifically, we used three distinct state-of-the-art
statistical methods, ANCOM-BC [47], LinDA [48], and scCODA [49] to find differentially abundant
(DA) taxa across the eleven datasets containing stool samples (Fig. 4A/B, Supplementary Fig. S8).

We analyzed taxa on phylum, class, order, family, and genus rank, respectively, and recorded both
how often the different methods agreed on DA taxa and how often DA taxa were identified across
datasets. Overall, scCODA identified the largest number of DA taxa irrespective of taxonomic ranks.
In general, all methods identified more DA taxa on lower taxonomic ranks. Figure 4D visualizes
all DA taxa found by scCODA on the taxonomic tree and reports how often a particular DA
taxon was identified across the eleven datasets. On the family level (Fig. 4A), Ruminococcaceae and
Lachnospiraceae were most often found to change in relative abundance, with scCODA finding a
credible change in seven datasets, while ANCOM-BC and LinDA determined a significant shift four
and two times, respectively. Furthermore, ten out of the 16 families that scCODA determined to
be differentially abundant in more than two datasets belonged to the Firmicutes phylum.

On the genus level, Firmicutes made up an even larger share of DA taxa found in at least three
datasets (30 out of 38, Fig. 4B). We considered these taxa as “genera of interest”, as changes in
their abundance could possibly be associated with IBS. Faecalibacterium was the most consistently
detected DA genus where a change in relative abundance was detected in eight datasets by sc-
CODA, in five datasets by ANCOM-BC, and in three datasets by LinDA, respectively. This is
consistent with multiple other studies [50, 17, 23] that also observed changes in Faecalibacterium
abundance. DA genera that were detected in more than half of the datasets (by any of the methods
scCODA/ANCOM-BC/LinDA) include Agathobacter (7/4/3 DA datasets), Fusicatenibacter (6/4/4
DA datasets), Ruminococcus (6/4/3 DA datasets), Parabacteroides (6/3/1 DA datasets), Blautia
(6/1/1 DA datasets), Coprococcus (6/2/2 DA datasets), Alistipes (6/1/0 DA datasets), and Bac-
teroides (6/0/0 DA datasets), respectively (see also Fig. 4B). It is noteworthy that many of the
identified DA genera were also found in the original analyses of the respective datasets as well as
other IBS studies [11, 23, 51].

Next, we analyzed the direction of change (relative increase or decrease) in each dataset for the
38 genera of interest from Figure 4B. Figure 4C summarizes the direction of change across all
methods and datasets. We observed that the majority of genera were found to decrease in relative
abundance in IBS samples (indicated in blue in Fig. 4C). In particular, the genera Faecalibacterium,
Agathobacter, and Fusicatenibacter showed remarkable consistency in direction of change across
methods and datasets.
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Figure 4 Differential abundance testing with three different methods reveals common trends in stool samples
across 11 different datasets. (A-B) Aggregation to family and genus levels shows consistency of differential
abundance in subpopulations of the gut microbiome between healthy individuals and IBS patients. Only
families/genera that were determined as differentially abundant by at least one method in at least three datasets are
shown. Colored boxes below the x-axis show the corresponding phylum for each family. (C) Heatmap of differential
abundances on the genus level. Red boxes indicate a significant or credible increase for all three methods (scCODA,
ANCOM-BC, LinDA), blue boxes a decrease. Grey fields show that the genus was not present in any sample of the
respective dataset. The selection of genera is equal to the ones shown in (B). (D) Taxonomic tree including all genera
that are present in at least one dataset (stool samples only). Grey circles on the nodes and leaves indicate the number
of datasets that a taxon was differentially abundant in, as determined by scCODA. The branch colors indicate the
phylum, tip labels denote the 38 genera from (B) that were found to be differentially abundant in at least three
datasets.

The genera Flavonifractor, Lachnoclostridium, Intestinibacter, Prevotella and TM7x showed in-
creased relative abundance in IBS for a majority of datasets (indicated in red, in figure 4C). The
dataset from Zhu et al. [40] appears as an outlier, since all three methods determined many genera
to increase in relative abundance in IBS patients compared to healthy controls, contrary to a sig-
nificant decrease in other datasets. This observation likely stems from a sequencing bias, discovered

in the pre-processing of the raw 16S rRNA sequencing data where the forward primer (F515) was
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present at the end of reverse reads in IBS samples, but not in healthy samples. This led to disjoint
sets of ASVs in healthy and IBS samples, and this bias persisted in higher taxonomic ranks.

In general, the number of DA genera per dataset varied considerably, as summarized in Table
2. Two datasets (Lo Presti et al. [39], Zhuang et al. [42]) contained no DA taxa regardless of the
statistical method, while almost half of all genera were differentially abundant when analyzing the
data from Zhu et al. using LinDA.

First author Total genera DA genera

(fraction)
ANCOM-BC LinDA scCODA
Labus 01 5 (0.055) 0 (0.000) 7 (0.077)
LoPresti 90 0 (0.000) 0 (0.000) 0 (0.000)
AGP 620 16 (0.026) 20 (0.032) 197 (0.318)
Liu 698 105 (0.150) 42 (0.060) 54 (0.077)
Pozuelo 309 4 (0.013) 6 (0.019) 34 (0.110)
Fukui 210 14 (0.067) 10 (0.048) 31 (0.148)
Hugerth 263 2(0.008) 0 (0.000) 31 (0.118)
Zhu 143 50 (0.413) 71 (0.497) 41 (0.287)
Zhuang 116 0 (0.000) 0 (0.000) 0 (0.000)
Nagel 163 3(0.018) 7 (0.043) 1 (0.006)
Zeber-Lubecka | 236 4(0.017)  1(0.004) 13 (0.055)

Table 2 Total number of genera, as well as number and share of differentially abundant genera, as determined by three
different DA testing methods on each dataset (only stool samples).

Finally, we compared how the differentially abundant taxa (as determined by scCODA) are related
in terms of taxonomy (Fig. 4D). Notably, most taxa that were differentially abundant in six or more
datasets are genera that are parts of the Firmicutes_Clostridia_Lachnospirales_Lachnospiraceae and
Firmicutes_Clostridia_Oscillospirales_Ruminococcaceae families, or higher order taxonomic groups
that contain these. We noticed the same trend, although less clear due to the number of differentially
abundant taxa being generally lower, also for ANCOM-BC and LinDA (Fig. S9).

In summary, while previous works often reported the microbial signature of IBS to be unclear
and dependent on the cohort [11], our meta-analysis approach with standardized data processing
and differential abundance analysis methods was able to determine 38 genera whose change of
abundance was associated with IBS in multiple datasets with quantifiable degree of consistency.

Analysis of shared ASVs between datasets can potentially reduce study-specific noise

The standardized preprocessing steps of the 16S rRNA sequencing data enabled combining ob-
servations from different studies. Focusing on the subset of shared ASVs between various studies
could lead to more robust biomarker identification by reducing possible study-specific noise. Eight
ASVs were pinpointed by all methods using classification analysis and differential abundance test-
ing of shared ASVs between the Nagel [15] and Pozuelo [19] datasets. The methods were sparse
log-contrast modeling for classification, LinDA, scCODA, and ANCOM-BC. The taxonomic assign-
ment of the selected ASVs can be found in Figure 5D. Seven of these detected ASVs belong to the
phylum Firmicutes, while one belongs to Bacteroidota. It is also noticeable that six of these ASVs
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belong to the class Clostridia. The taxonomic tree of the shared ASVs shows that Firmicutes and
Clostridia build a large part of the shared ASVs (Fig. 5C). For three ASVs, we have a species-level
annotation, namely eutactus, AC204/4, and finegoldii.

Next to the 38 genera identified by differential abundance testing on the genus level, the eight
identified ASVs shared between the Nagel and Pozuelo datasets can serve as a good starting point
for further research.
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Figure 5 Analysis of shared ASVs. (A) Bar chart showing how many ASVs are shared by the different datasets. (B)
Taxonomic tree displaying which genera are shared between the Nagel and Pozuelo datasets. The highlighted branches
are present in the shared ASV subset of Nagel and Pozuelo. (C) Taxonomic tree of ASVs present in the Nagel and
Pozuelo subsets. The outer ring indicates whether the method detects the ASV as differentially abundant or whether
it was selected for classification by the sparse log contrast model. (D) The table reveals the taxonomic assignment for
ASVs with signals detected by all four approaches. The ID is illustrated by the number in the circle next to the ASV
of subplot (C). The three differential abundance and the classification methods share the same effect direction shown
in the column effect. For the differential abundance methods, the plus indicates an increase, and the minus means a
decrease in abundance. The sign suggests a positive or negative coefficient for the classification method.
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Discussion
Here we developed a framework to combine 16S rRNA sequencing data of IBS and healthy gut
microbiota, with the purpose of standardizing bioinformatic preprocessing and statistical analyses
for more robust and interpretable results on microbial alterations potentially occurring in IBS.
By combining 13 datasets, we found that high-level analyses such as F/B ratio, a-diversity, or
dimensionality reduction do not show significant and consistent changes across datasets. However,
more fine-grained analysis looking at differentially abundant taxa at lower taxonomic levels showed
that 38 genera were DA in at least three datasets, most of which belonged to the Firmicutes phylum
and were significantly decreased in IBS patients. This observation was consistent using three well
recognized statistical methods (ANCOM-BC, LinDA and scCODA) that take into account the
compositional nature of microbiome data, which is paramount for correct statistical analysis [52].
Furthermore, our standardized meta-analysis allowed to identify ASVs shared across datasets that
had amplified the same variable region of the 16S rRNA gene. Restricting our DA testing on these
shared ASVs between the Nagel and Pozuelo datasets, we found eight ASVs that were consistently
recognized as DA by the different statistical methods used, six of which belonged to the Clostridia
class from the Firmicutes phylum, and most of which were significantly decreased in IBS.
Literature reports conflicting results on alterations in microbiome composition in IBS, every or
most studies suggesting to have found a ”microbiome signature” in IBS [11, 12], either through an
alteration of the F/B ratio [13, 53, 2, 15, 19, 42], a-diversity [13, 19, 40], and/or a set of specific
microbes [40, 13, 2, 24, 41, 23, 19, 39]. However, more recent studies with bigger cohort sizes seem
to suggest otherwise, with little to no microbiome signature between IBS and healthy controls, due
to the high heterogeneity in microbiome composition in IBS patients [28, 54]. Our results confirm
these findings, as we found no consistent alterations in F/B ratio or in a-diversity, despite using the
same bioinformatic pipeline to preprocess the data and the same reference database for taxonomic
alignment. These inconsistencies can be due to a variety of factors, including the small cohort
sizes of most studies; the differences in experimental protocols (sample handling, DNA extraction,
variable region amplified, sequencing technology); study localization and thus dietary habits of the
participants; and last but not least, the inclusion criteria and demographics of the participants
(BMI, age, sex, comorbidities, recent treatments, etc.). To note, the Pozuelo dataset is one of the
biggest cohort sizes (113 IBS patients and 66 healthy controls) in our meta-analysis and in the
literature [19], and we did see a significant reduction in the F/B ratio in that dataset, as was
reported by the authors [19]. This alteration was stable with time, as one month later there was
still a decrease in the F/B ratio in the same participants (Fig.2C), suggesting that this was not
a one-time observation but potentially a long-lasting change in the microbiome of these patients.
However, we did not observe any changes in F/B ratio in the Hugerth or AGP data, two other
datasets with higher cohort sizes [28, 38]. Age and BMI are known to be factors influencing overall
microbiome composition [55, 28], yet participants in the Pozuelo, Hugerth and AGP datasets have
comparable BMI and age distribution (Supplementary Table S1, [19]). This discrepancy in the F/B
ratio is thus probably explained by differences in experimental protocols, study localization, and
other patient characteristics.
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Similarly, we observed no consistent changes in a-diversity across datasets. Previous reports sug-
gest that IBS patients have either a decreased or unaltered a-diversity compared to healthy controls
[12], which overall aligns with our observations (Supplementary Fig. S4). Only IBS patients from
the Zhu dataset had an increased a-diversity compared to their healthy counterparts, as reported
by the authors [40], however in this dataset we observed that ASVs inferred from healthy and IBS
samples were entirely distinct, which probably biased the microbial taxa detected and thus the
a-diversity measurement. Surprisingly, we found that the Shannon index was decreased in IBS pa-
tients from the Labus dataset compared to healthy controls (Supplementary Fig. S4), whereas the
original study reported the opposite finding [13]. To note, in that paper the authors split IBS sam-
ples into ”IBS” and ”healthy-like IBS” categories based on S-diversity analyses, and they showed
that ”IBS” samples had higher a-diversity compared to ”healthy-like IBS” samples or healthy sam-
ples. This differs from our method, where we compared all IBS samples to healthy ones, and we
observed only a small significant decrease in the Shannon index, or no changes in the Simpson index
(Supplementary Fig. S4). We thus think that the contradiction in our observations from the same
data may stem from the difference in the comparison groups, but also probably from the differ-
ent preprocessing pipelines used (DADA2 vs QIIME;, Silva vs Greengenes). Overall, we found that
changes in a-diversity are not a defining feature of IBS, which is consistent with reports from recent
studies with bigger cohort sizes [56, 54, 28], and also with the fact that it is not a reliable indicator
of dysbiosis in other gut-related diseases [57]. This implies that the total number and the evenness
of microbial species remains unchanged in IBS, however it does not provide any information on
potential changes in the actual composition of the microbiome.

To that end, we compared the microbiome composition across samples by looking at the relative
abundances of microbial families, and observed that samples were discriminated more by a study
effect than by disease phenotype (Fig. 3, Supplementary Fig. S6). We expected that by aggregating
data at the genus or family level, we would lose fine-grained analyses on microbial species while
limiting batch effects, as has been done in a previous meta-analysis [57]. However, we still observed
significant study-specific variations, even among microbial families. Despite including 13 datasets in
this meta-analysis, there are still three features of experimental variability distinguishing studies:
the DNA extraction protocol, PCR primers and sequencing technology, all of which have been
shown to influence greatly the microbial taxa detected [55, 58]. Ounly the Zhu and AGP datasets
have these three characteristics almost identical (Table 1), except that (1) samples were shipped by
participants to the study center in the AGP dataset; and (2) single-end vs paired-end sequencing was
performed in the AGP vs Zhu datasets respectively [38, 40]. Unfortunately, there are currently few
options to correct for such batch effects in 16S rRNA sequencing [59]. In the future, extending this
meta-analysis by adding more datasets, and also having new studies with standardized protocols
and sharing their raw data, will help overcome this limitation. In the meantime, we observed that
the microbial families present in fecal or sigmoid biopsy samples did not allow to discriminate
healthy from IBS individuals, even by IBS subtype (Supplementary Fig. S6), or even by focusing
on single datasets with the biggest cohort sizes (Supplementary Fig. S7). This result is coherent with
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B-diversity analyses in recent studies that have enrolled more subjects than average [28, 56, 54],
where they also reported both in fecal and colonic biopsy samples that IBS patients did not exhibit
a distinctive variation in their microbial communities.

Nevertheless, investigating more finely differential abundant taxa between cases and controls, we
found 38 genera were DA in at least three datasets, including nine that were DA in six datasets or
more (Fig. 4). The vast majority of these genera of interest belonged either to the Ruminococcaceae
or Lachnospiraceae families, both of which are butyrate-producing Clostridia. Butyrate and other
short-chain fatty acids (SCFAs) produced by these microbial families are not only essential nutri-
ents for colonic epithelial cells [60, 61], but they also promote the accumulation and differentiation
of regulatory T cells in the gut epithelium [60, 62], which are important to restrain inflammatory
responses. The loss of such beneficial microbes may thus prevent proper function of the gut ep-
ithelial barrier. The Pozuelo study did report a decrease in Ruminococcaceae particularly in IBS-D
patients, and hypothesized that this reduction could alter the gut epithelium permeability and
contribute to the diarrhea [19]. This hypothesis goes along with the observation that higher rel-
ative abundance of Ruminococcaceae in fecal samples correlates with harder stools on the Bristol
Stool Scale [63]. Considering that there is controversy on whether Ruminococcaceae is increased,
decreased, or unaltered in IBS [11, 12], it is thus new that we find here multiple genera that are
consistently less abundant in IBS samples compared to healthy controls in several datasets. To note,
in our meta-analysis we may have an over-representation of IBS-D samples (n=277) compared to
other subtypes (n=195), although there is a substantial number of samples of unknown IBS subtype
(n=811), so the significant decrease in Ruminococcaceae that we observed may be biased towards
IBS-D samples. Extending this meta-analysis with more datasets, especially with covariates on stool
consistency and IBS subtype, will be paramount to confirm the association of Ruminococcaceae and
Lachnospiraceae with IBS or with more specific IBS subtype(s).

In this meta-analysis, we were unfortunately unable to include many datasets derived from gut
mucosal biopsy samples and thus conduct detailed statistical analyses on these samples despite
their relevance. The microbial composition in fecal and sigmoid biopsy samples was drastically
different, as expected [28, 24, 39], hence samples from the gut mucosa will better reflect the microbial
ecosystem interacting with the gut epithelium. To overcome this limitation, we are making this meta-
analysis publicly available to the scientific community, so that anyone can add their own dataset(s)
and further investigate microbial alterations occurring in IBS. We also acknowledge that we report
here only associations between IBS and microbiome composition, which is not proof of causation
and needs to be confirmed experimentally.

In summary, our meta-analysis confirms that Firmicutes to Bacteroidota ratio and «-diversity
changes are not defining features of IBS. Furthermore, strong study-specific effects urges the need
to have established standardized protocols in 16S rRNA sequencing for comparable and repro-
ducible research in the future. Finally, we identified multiple genera from the Ruminococcaceae and
Lachnospiraceae bacterial families as being downregulated in fecal samples from IBS patients across
several studies, which is the first time that such an alteration associated with IBS is consistently
observed in multiple studies.
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Materials and methods

Search strategy and data collection

Case-control studies comparing gut microbiome composition between IBS patients and healthy con-
trols using 16S rRNA sequencing were first identified from references listed in systematic reviews
[12, 11]. We extended our search further to PubMed using keywords such as ”irritable bowel syn-
drome” and ”gut microbiota”. We included in our meta-analysis any study published until April
2021 that had (1) enrolled adult IBS patients and healthy controls; (2) performed no surgical or
drug intervention on patients in an effort to treat IBS; (3) measured gut microbiome composition
with 16S rRNA sequencing. We obtained raw fastq files and sample covariates of the included stud-
ies either from online repositories (Sequence Read Archive, European Nucleotide Archive), or from
personal communication with the authors [15]. Data from the American Gut Project (AGP) was
also included in our meta-analysis [38]. As the AGP is an open platform with thousands of micro-
biome samples, we first downloaded the covariates table from the sequence read archive (SRA) on
June 6th 2021, in order to identify samples of interest. The questionnaire filled in by the participants
allowed us to discard any sample with (1) a reported age outside 18 - 70 years old; (2) a BMI outside
16 - 35; (3) any antibiotics taken in the past 6 months; (4) other reported comorbidities such as
inflammatory bowel disease, C.difficile infection, fungal overgrowth in their gut, gluten intolerance
or diabetes. This population consisted of 4,722 healthy samples and 645 samples diagnosed with
IBS by a medical professional. We randomly chose 645 healthy samples to have an even number of
cases and controls, verifying by a Student’s t-test that healthy and IBS samples had comparable age
and BMI distribution (Supplementary Table S1). We thus downloaded a total of 1,290 fastq files
from the AGP (Supplementary Table S4). The code for this sample selection strategy is available
on our github repository (https://github.com/bio-datascience/MetalBS).

Processing of 16S rRNA sequencing data

For datasets that required demultiplexing (Supplementary Table S2), reads were assigned to each
sample based on their barcode, and individual fastq files for each sample were generated using sabre
(https://github.com/najoshi/sabre). We re-processed raw fastq files of 16S rRNA sequence data in
R (v. 4.0.4) [64] using the DADA?2 package version 1.21.0 [65], in order to perform quality filtering
and obtain the count and taxonomic dataframes. These steps are further described hereafter. First,
we discarded reads not containing primers, and trimmed off the primers and any preceding sequence.
To note, no primers were found in the AGP dataset, and in the Zeber-Lubecka dataset an unknown
mix of primers was used, so this step was skipped (Supplementary Table S2). Then, we filtered
reads based on their quality scores with the filterAnd Trim function from DADA?2 [65], using default
parameters except that reads were (1) truncated at the first base where a quality score of 10 or
below was observed; (2) discarded if shorter than 150bp; (3) discarded if they contained more than 3
expected errors. Next, error rates were estimated from randomly chosen samples with the learnError
function [65]. We checked that the estimation from the parametric error model matched the observed

error rates. For samples obtained from Ion Torrent sequencing technology, manual model adjustment
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was necessary at high quality scores to match the observed error rates (Supplementary Table S2).
Subsequently, we identified de novo amplicon sequence variants (ASVs) with the dada function,
which leverages the error model to assess whether sequence variants are more likely to be ASVs or
amplicon errors [65]. For paired-end sequencing data, we merged paired reads after this step. After
inferring ASVs, we looked at their length distribution and compared it to the supposed length
of the amplified 16S variable region. This allowed us to discard abnormally short or long ASVs
(50bp above or below the expected length), which are likely from non-specific priming. Chimeric
sequences were also identified and discarded. Finally, ASVs were aligned to the Silva reference
database (release 138) from the Kingdom to the Species level [33, 34]. After taxonomic alignment,
we removed ASVs belonging to Eukaryota or to an unknown phylum. In addition, we discarded
samples with a total count lower than 500. In the AGP dataset, as study participants ship their fecal
samples to the nearest study center, certain bacterial taxa grow at room temperature and bias the
observed microbiome composition [66]. Amir et al. [66] shared a list of operational taxonomic units
known to bloom at room temperature (https://github.com/knightlab-analyses/bloom-analyses),
which are advised to be removed when analyzing the AGP data. We thus discarded any ASVs
identified as bloom sequences in the AGP dataset. Finally, we combined the ASV, taxonomic, and
metadata tables into a phyloseq object using the Phyloseq package (v.1.34.0) for further analysis
[67].

Taxonomic tree

We combined phyloseq objects from all datasets with the merge_phyloseq function from the Phy-
loseq package. To plot a taxonomic tree representing all detected genera across datasets, we first
aggregated taxa to the genus level, before transforming the taxonomic table into a treedata object
with the treeio pacakge (v.1.18.1) [68]. We then plotted the taxonomic tree with the ggtree package
(v.3.2.1) [69].

Heatmap

To plot a heatmap of the main microbial families represented among fecal samples, we aggregated
taxa to the family level and divided counts by the total count per sample in order to obtain relative
abundances. We then kept only families present in at least three datasets (p=116 families). We
used the pheatmap package (v.1.0.12.; https://CRAN.R-project.org/package=pheatmap) to plot
microbial families as rows, clustered using the Ward error sum of squares hierarchical clustering
method with the method = "ward.D2” option [70, 71]; and samples as columns, ordered by disease
phenotype and dataset. For visualization purposes, we plotted the relative abundances on the
heatmap on a logl0 color scale.

Uniform Manifold Approximation and Projection
To perform a Uniform Manifold Approximation and Projection (UMAP) [43], we used pairwise log-
ratios between microbial families as input data. To obtain these, we aggregated taxa to the family
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level, then added pseudocounts of 0.5 before computing pairwise log-ratios between all microbial
families across datasets. We computed the UMAP on all fecal samples (n=2,220) with the umap
function from the uwot package (v.0.1.11.; https://github.com/jlmelville/uwot), using 20 neighbors
and 3 components.

Firmicutes to Bacteroidota ratio

In order to compute the Firmicutes to Bacteroidota (F/B) ratio, we first aggregated taxa to the
phylum level in order to obtain the total count of each phylum per sample. We imputed a 0.5
pseudocount in samples containing no Firmicutes and/or Bacteroidota. Then, we calculated the
log2 ratio of absolute Firmicutes over Bacteroidota counts in each sample. For datasets with two
time points we only included samples from the first time point, while for datasets with both fecal
and sigmoid biopsy samples we plotted the F/B ratio separately for each sample type.

Sequencing depth

To visualize sequencing depth differences between datasets and the number of reads discarded
through our standardized preprocessing pipeline, we plotted the number of reads before and after
quality control of the data (Supplementary Fig. S1). We called the number of reads in the raw fastq
files "before” quality control, and the number of counts per sample in the ASV table right after
removing chimeric sequences (see Processing of 165 TRNA sequencing data) ”after” quality control.
Thus, this doesn’t take into account that we removed samples with less than 500 total count or
that we removed ASVs identified as Eukaryota.

Relative abundance of main phyla

We aggregated microbial taxa to the phylum level and divided counts by the total count per sample
in order to obtain relative abundances. We then plotted the relative abundance of the main five
phyla (classifying the remaining phyla as "other”) in all fecal samples or sigmoid biopsy samples.

Alpha-diversity

We computed the Shannon and Simpson indices with the plot_richness function from the Phyloseq
package. For datasets with two time points [24, 19], only the samples from the first time point were
used. The alpha diversity was computed separately for each sample type in datasets with both fecal
and biopsy samples [28, 39].

Differential abundance analysis

We applied three recently published methods for differential abundance (DA) testing to the mi-
crobial count table of each dataset. To uncover trends at different levels of taxonomic granularity,
each method was used on each dataset five times, aggregated at the phylum, class, order, family,
and genus level, respectively. We used ANCOM-BC [47] and LinDA [48] for differential abundance
testing of microbial composition data, as well as the scCODA model [49], a general Bayesian mod-
eling framework for high-throughput sequencing data. All three methods take into account that
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the data is inherently compositional, i.e. only proportional analyses are valid [52]. To avoid biases
caused by the type of sampled microbial community, we only used stool samples for this analysis,
leaving out the data from [24], as well as the microbial data from the sigmoid colon in the works of
[28, 39]. Furthermore, we only analyzed the samples from the initial collection in the data of [19].
For all methods and taxonomic ranks, the nominal false discovery rate was set to p < 0.2, a value
commonly used in DA testing of microbial populations.

While ANCOM-BC and LinDA detect compositional changes of a feature with respect to all
other features, the scCODA model requires a reference feature that is present in most samples
and has low dispersion over all samples [49]. To ensure comparability, we chose the same reference
on the Genus level for all datasets, and further enabled comparability across taxonomic ranks by
using the reference’s ancestor at a every taxonomic rank as the reference feature for the respective
aggregation level. We further did not consider genera from the Bacteroidota or Firmicutes phyla as
references, as these are likely to contain many differentially abundant genera, leaving us with three
candidate genera that are present in every dataset, which we selected for further inspection (Table
S5). For Escherichia/Shigella, the dispersion was very high (> 0.3) in three datasets ([39, 28, 38]),
while Slackia was never found in more than 20% of samples in any dataset. The remaining genus
Parasutterella is rare in only two datasets ([13, 39]), and has rather low dispersion (< 0.055) in
all datasets. Furthermore, the abundance of species from this genus was only associated with IBS
in one previous analysis [72]. However, the LEfSe method [73] used in [72] was recently shown to
produce false-positive results on amplicon sequencing data [74], leading us to the conclusion that
Parasutterella is likely not affected by IBS and therefore suited as a reference for our purposes.

In the shared ASV analysis, we applied the three models ANCOM-BC, LinDA, and scCODA
with the same method specifications as before, taking the ASV corresponding to Parasutterella
excrementihominis as the reference for scCODA to provide comparability to the previous analyses.
Each method was used to determine differentially abundant ASVs in the two data subsets consisting
of only samples from either the Nagel [15] or Pozuelo [19] datasets, and the combined data with
samples from both sources. For LinDA, we additionally ran a fourth model, in which we also adjusted
for the data source in the combined data by adding random effects for the source datasets.

Classification analysis on shared ASVs

Besides applying DA testing, we used a classification approach to determine the relationship between
IBS and ASVs. For this part of the analysis, we looked at the ASVs shared between the Nagel
and Pozuelo datasets. We used only the observations from the first time point in the longitudinal
analysis, similar to the DA testing approach. We also excluded ASVs that occurred in less than
10% of the observations to avoid association with spurious taxa. In addition, we removed all ASVs
not belonging to the Kingdom of bacteria. These preprocessing steps reduced the number of shared
ASVs from 806 (see Fig. 5A) to 373 (see Fig. 5B). Of 209 observations, 30 observations were from
the Nagel [15] and 179 from the Pozuelo [19] dataset. 81 subjects were diagnosed with IBS, and 128
healthy controls. To determine the relationship between the dependent variable health status and
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ASVs as independent variables, we used a sparse log-contrast model for classification with the tuning
parameter A from the trac package [75]. This modeling approach accounts for the compositional
structure of the covariates. A log transformation is required for the model, and a pseudo-count of
1 was added to avoid log(0). The explicit model formulation is

P P
yi ~ |Bo+ Y 1og(ASVy) - B s.t. D B;=10
j=1 Jj=1

where y; € {Healthy (—1), IBS (1)}, ¢ = 1, ...,n indicate the subject, and ASV; denotes the count
of the j-th ASV. We used 5-fold cross-validation to determine the optimal tuning parameter of the
model, applying the heuristic of setting the tuning parameter ”1 standard error” away from the

minimum misclassification error.

High-dimensional compositional mean test

We employed the high-dimensional compositional mean test [45] to test for a shift in the compo-
sitional mean. The test builds upon the centered log-ratio transformation (CLR) [44] to overcome
the constraints imposed by compositional data and tests whether the mean of the CLR transforma-
tioed data differ across two groups. Since the CLR transformation cannot handle zeros, we replaced
them with a pseudo-count of 1. The test was applied to the compositions on the Family level to
examine two aspects: (1) Pairwise similarity of the mean compositions across different datasets and
(2) compositional mean shift between IBS and healthy within the different datasets. For the second
part, we focused on taxa that appeared in at least three datasets.

Competing interests
The authors declare that they have no competing interests.

Author’s contributions

SC researched the studies to be included, performed the data preprocessing and initial exploratory data analyses. JO conducted the
differential abundance testing. VT performed the classification analysis on shared ASVs and compositional mean test. SC, JO, VT and
CLM wrote the manuscript. MM and CLM provided advice and guidance throughout the project.

Acknowledgements

We thank sincerely Dr. Robyn Nagel for sharing with us their raw data and metadata, and allowing us to share them publicly in this
meta-analysis. In addition, we thank Dr.Labus, Prof.Ostrowski and Dr.Kulecka for sharing with us additional covariates on the Labus and
Zeber-Lubecka datasets. We thank Nathan Fox who extracted IBS subtype metadata from the SRA website for the Pozuelo dataset.

Author details

!Department of Biology, Ecole Normale Supérieure, PSL University, Paris, France. ZInstitute of Computational Biology, Helmholtz
Zentrum Miinchen, Munich, Germany. 3Department of Statistics, Ludwig-Maximilians-Universitdt Miinchen, Munich, Germany. *Center
for Computational Mathematics, Flatiron Institute, , New York, USA.

References

1. Ford, A.C., Lacy, B.E., Talley, N.J.: Irritable bowel syndrome. N. Engl. J. Med. 376(26), 2566—2578 (2017).
doi:10.1056 /NEJMra1607547

2. Jeffery, I.B., O'Toole, P.W., Ohman, L., Claesson, M.J., Deane, J., Quigley, E.M.M., Simrén, M.: An irritable bowel syndrome
subtype defined by species-specific alterations in faecal microbiota. Gut 61(7), 997-1006 (2012). doi:10.1136/gutjnl-2011-301501

3. Canavan, C., West, J., Card, T.: The epidemiology of irritable bowel syndrome. Clinical Epidemiology 6(1), 71-80 (2014).
doi:10.2147/CLEP.S40245


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.22.575775; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Carcy et al. Page 22 of 38

4. Posserud, |., Ersryd, A., Simrén, M.: Functional findings in irritable bowel syndrome. World Journal of Gastroenterology 12(18), 2830
(2006). doi:10.3748/WJG.V12.118.2830

5. Klem, F., Wadhwa, A., Prokop, L.J., Sundt, W.J., Farrugia, G., Camilleri, M., Singh, S., Grover, M.: Prevalence, Risk Factors, and
Outcomes of Irritable Bowel Syndrome After Infectious Enteritis: a Systematic Review and Meta-analysis. Gastroenterology 152(5),
1042 (2017). doi:10.1053/J.GASTRO.2016.12.039

6. Bhattarai, Y., Muniz Pedrogo, D.A., Kashyap, P.C.: Irritable bowel syndrome: a gut microbiota-related disorder? American Journal of
Physiology - Gastrointestinal and Liver Physiology 312(1), 52 (2017). doi:10.1152/AJPGI.00338.2016

7. Rinninella, E., Raoul, P., Cintoni, M., Franceschi, F., Miggiano, G.A.D., Gasbarrini, A., Mele, M.C.: What is the Healthy Gut
Microbiota Composition? A Changing Ecosystem across Age, Environment, Diet, and Diseases. Microorganisms 7(1), 14 (2019).
doi:10.3390/MICROORGANISMS7010014

8. De Palma, G., Lynch, M.D.J., Lu, J., Dang, V.T., Deng, Y., Jury, J., Umeh, G., Miranda, P.M., Pastor, M.P., Sidani, S.,
Pinto-Sanchez, M.1., Philip, V., McLean, P.G., Hagelsieb, M.G., Surette, M.G., Bergonzelli, G.E., Verdu, E.F., Britz-McKibbin, P.,
Neufeld, J.D., Collins, S.M., Bercik, P.: Transplantation of fecal microbiota from patients with irritable bowel syndrome alters gut
function and behavior in recipient mice. Science Translational Medicine 9(379) (2017). doi:10.1126/SCITRANSLMED.AAF6397

9. Crouzet, L., Gaultier, E., Del'Homme, C., Cartier, C., Delmas, E., Dapoigny, M., Fioramonti, J., Bernalier-Donadille, A.: The
hypersensitivity to colonic distension of IBS patients can be transferred to rats through their fecal microbiota. Neurogastroenterology
& Motility 25(4), 272-282 (2013). doi:10.1111/NM0O.12103

10. Spiller, R.C.: Role of infection in irritable bowel syndrome. Journal of Gastroenterology 42(17), 41-47 (2007).
doi:10.1007 /500535-006-1925-8

11. Duan, R., Zhu, S., Wang, B., Duan, L.: Alterations of gut microbiota in patients with irritable bowel syndrome based on 16s
rRNA-targeted sequencing: A systematic review. Clinical and Translational Gastroenterology 10(2) (2019).
doi:10.14309/ctg.0000000000000012

12. Pittayanon, R., Lau, J.T., Yuan, Y., Leontiadis, G.I., Tse, F., Surette, M., Moayyedi, P.: Gut Microbiota in Patients With Irritable
Bowel Syndrome—A Systematic Review. Gastroenterology 157(1), 97-108 (2019). doi:10.1053/j.gastro.2019.03.049

13. Labus, J.S., Hollister, E.B., Jacobs, J., Kirbach, K., Oezguen, N., Gupta, A., Acosta, J., Luna, R.A., Aagaard, K., Versalovic, J.,
Savidge, T., Hsiao, E., Tillisch, K., Mayer, E.A.: Differences in gut microbial composition correlate with regional brain volumes in
irritable bowel syndrome. Microbiome 5(1), 1-17 (2017). doi:10.1186/540168-017-0260-Z

14. Zeber-Lubecka, N., Kulecka, M., Ambrozkiewicz, F., Paziewska, A., Goryca, K., Karczmarski, J., Rubel, T., Wojtowicz, W., Mlynarz,
P., Marczak, L., Tomecki, R., Mikula, M., Ostrowski, J.: Limited prolonged effects of rifaximin treatment on irritable bowel
syndrome-related differences in the fecal microbiome and metabolome. Gut Microbes 7(5), 397-413 (2016).
doi:10.1080/19490976.2016.1215805

15. Nagel, R., Traub, R.J., Allcock, R.J.N., Kwan, M.M.S., Bielefeldt-Ohmann, H.: Comparison of faecal microbiota in
Blastocystis-positive and Blastocystisnegative irritable bowel syndrome patients. Microbiome 4, 1-9 (2016).
doi:10.1186/s40168-016-0191-0

16. Chung, C.S., Chang, P.F., Liao, C.H., Lee, T.H., Chen, Y., Lee, Y.C., Wu, M.S., Wang, H.P., Ni, Y.H.: Differences of microbiota in
small bowel and faeces between irritable bowel syndrome patients and healthy subjects. Scandinavian Journal of Gastroenterology 51,
410-419 (2016). doi:10.3109/00365521.2015.1116107

17. Carroll, .M., Ringel-Kulka, T., Siddle, J.P., Ringel, Y.: Alterations in composition and diversity of the intestinal microbiota in patients
with diarrhea-predominant irritable bowel syndrome. Neurogastroenterol. Motil. 24(6), 521-30248 (2012).
doi:10.1111/j.1365-2982.2012.01891.x

18. Tap, J., Derrien, M., Térnblom, H., Brazeilles, R., Cools-Portier, S., Doré, J., Storsrud, S., Le Nevé, B., Ohman, L., Simrén, M.:
Identification of an intestinal microbiota signature associated with severity of irritable bowel syndrome. Gastroenterology 152(1),
111-1238 (2017). doi:10.1053/j.gastro.2016.09.049

19. Pozuelo, M., Panda, S., Santiago, A., Mendez, S., Accarino, A., Santos, J., Guarner, F., Azpiroz, F., Manichanh, C.: Reduction of
butyrate- and methane-producing microorganisms in patients with Irritable Bowel Syndrome. Scientific Reports 5(July), 1-12 (2015).
doi:10.1038/srep12693

20. Durbdn, A., Abelldn, J.J., Jiménez-Hernandez, N., Salgado, P., Ponce, M., Ponce, J., Garrigues, V., Latorre, A., Moya, A.: Structural
alterations of faecal and mucosa-associated bacterial communities in irritable bowel syndrome. Environmental Microbiology Reports 4,
242-247 (2012). doi:10.1111/j.1758-2229.2012.00327.x

21. Vila, A.V., Imhann, F., Collij, V., Jankipersadsing, S.A., Gurry, T., Mujagic, Z., Kurilshikov, A., Bonder, M.J., Jiang, X., Tigchelaar,
E.F., Dekens, J., Peters, V., Voskuil, M.D., Visschedijk, M.C., van Dullemen, H.M., Keszthelyi, D., Swertz, M.A., Franke, L., Alberts,
R., Festen, E.A.M., Dijkstra, G., Masclee, A.A.M., Hofker, M.H., Xavier, R.J., Alm, E.J., Fu, J., Wijmenga, C., Jonkers, D.M.A.E.,
Zhernakova, A., Weersma, R.K.: Gut microbiota composition and functional changes in inflammatory bowel disease and irritable
bowel syndrome. Science Translational Medicine 10, 8914 (2018). doi:10.1126/scitranslmed.aap8914

22. Rajilié-Stojanovi¢, M., Biagi, E., Heilig, H.G.H.J., Kajander, K., Kekkonen, R.A., Tims, S., Vos, W.M.D.: Global and deep molecular
analysis of microbiota signatures in fecal samples from patients with irritable bowel syndrome. Gastroenterology 141, 1792-1801
(2011). doi:10.1053/J.GASTRO.2011.07.043

23. Fukui, H., Nishida, A., Matsuda, S., Kira, F., Watanabe, S., Kuriyama, M., Kawakami, K., Aikawa, Y., Oda, N., Arai, K., Matsunaga,
A., Nonaka, M., Nakai, K., Shinmura, W., Matsumoto, M., Morishita, S., Takeda, A.K., Miwa, H.: Usefulness of Machine
Learning-Based Gut Microbiome Analysis for Identifying Patients with Irritable Bowels Syndrome. J. Clin. Med 2403(9) (2020).
doi:10.3390/jcm9082403


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.22.575775; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Carcy et al. Page 23 of 38

24. Mars, RAA.T., Yang, Y., Ward, T., Swann, J.R., Knights, D., Kashyap, P.C.: Longitudinal Multi-omics Reveals Subset-Specific
Mechanisms Underlying Irritable Bowel Syndrome. Cell 182, 1460-1473 (2020). doi:10.1016/j.cell.2020.08.007

25. Kulka, T.R., Benson, A.K., Carroll, I.M., Kim, J., Legge, R.M., Ringel, Y.: Molecular characterization of the intestinal microbiota in
patients with and without abdominal bloating. American Journal of Physiology - Gastrointestinal and Liver Physiology 310(6),
417-426 (2016). doi:10.1152/ajpgi.00044.2015

26. Chassard, C., Dapoigny, M., Scott, K.P., Crouzet, L., Del'Homme, C., Marquet, P., Martin, J.C., Pickering, G., Ardid, D., Eschalier,
A., Dubray, C., Flint, H.J., Bernalier-Donadille, A.: Functional dysbiosis within the gut microbiota of patients with constipated-irritable
bowel syndrome. Alimentary Pharmacology & Therapeutics 35, 828—-838 (2012). doi:10.1111/J.1365-2036.2012.05007.X

27. Gobert, A.P., Sagrestani, G., Delmas, E., Wilson, K.T., Verriere, T.G., Dapoigny, M., Del'Homme, C., Bernalier-Donadille, A.: The
human intestinal microbiota of constipated-predominant irritable bowel syndrome patients exhibits anti-inflammatory properties.
Scientific Reports 6(May), 1-12 (2016). doi:10.1038/srep39399

28. Hugerth, L.W., Andreasson, A., Talley, N.J., Forsberg, A.M., Kjellstrém, L., Schmidt, P.T., Agreus, L., Engstrand, L.: No distinct
microbiome signature of irritable bowel syndrome found in a Swedish random population. Gut 69(6), 1076-1084 (2020).
doi:10.1136/gutjnl-2019-318717

29. Bolyen, E., Rideout, J.R., Dillon, M.R., Bokulich, N.A., Abnet, C.C., Al-Ghalith, G.A., Alexander, H., Alm, E.J., Arumugam, M.,
Asnicar, F., Bai, Y., Bisanz, J.E., Bittinger, K., Brejnrod, A., Brislawn, C.J., Brown, C.T., Callahan, B.J., Caraballo-Rodriguez, A.M.,
Chase, J., Cope, E.K., Silva, R.D., Diener, C., Dorrestein, P.C., Douglas, G.M., Durall, D.M., Duvallet, C., Edwardson, C.F., Ernst,
M., Estaki, M., Fouquier, J., Gauglitz, J.M., Gibbons, S.M., Gibson, D.L., Gonzalez, A., Gorlick, K., Guo, J., Hillmann, B., Holmes,
S., Holste, H., Huttenhower, C., Huttley, G.A., Janssen, S., Jarmusch, A.K., Jiang, L., Kaehler, B.D., Kang, K.B., Keefe, C.R., Keim,
P., Kelley, S.T., Knights, D., Koester, |., Kosciolek, T., Kreps, J., Langille, M.G.I., Lee, J., Ley, R., Liu, Y.X., Loftfield, E., Lozupone,
C., Maher, M., Marotz, C., Martin, B.D., McDonald, D., Mclver, L.J., Melnik, A.V., Metcalf, J.L., Morgan, S.C., Morton, J.T.,
Naimey, A.T., Navas-Molina, J.A., Nothias, L.F., Orchanian, S.B., Pearson, T., Peoples, S.L., Petras, D., Preuss, M.L., Pruesse, E.,
Rasmussen, L.B., Rivers, A., Robeson, M.S., Rosenthal, P., Segata, N., Shaffer, M., Shiffer, A., Sinha, R., Song, S.J., Spear, J.R.,
Swafford, A.D., Thompson, L.R., Torres, P.J., Trinh, P., Tripathi, A., Turnbaugh, P.J., Ul-Hasan, S., van der Hooft, J.J.J., Vargas,
F., Vdzquez-Baeza, Y., Vogtmann, E., von Hippel, M., Walters, W., Wan, Y., Wang, M., Warren, J., Weber, K.C., Williamson,
C.H.D., Willis, A.D., Xu, Z.Z., Zaneveld, J.R., Zhang, Y., Zhu, Q., Knight, R., Caporaso, J.G.: Reproducible, interactive, scalable and
extensible microbiome data science using giime 2. Nature Biotechnology 37, 852-857 (2019). doi:10.1038/s41587-019-0209-9

30. Edgar, R.C., Bateman, A.: Search and clustering orders of magnitude faster than blast. Bioinformatics 26, 2460-2461 (2010).
doi:10.1093/BIOINFORMATICS/BTQ461

31. Edgar, R.C.: Uparse: highly accurate otu sequences from microbial amplicon reads. Nature Methods 10, 996-998 (2013).
doi:10.1038/nmeth.2604

32. Schloss, P.D., Westcott, S.L., Ryabin, T., Hall, J.R., Hartmann, M., Hollister, E.B., Lesniewski, R.A., Oakley, B.B., Parks, D.H.,
Robinson, C.J., Sahl, J.W., Stres, B., Thallinger, G.G., Horn, D.J.V., Weber, C.F.: Introducing mothur: Open-source,
platform-independent, community-supported software for describing and comparing microbial communities. Applied and
Environmental Microbiology 75, 7537-7541 (2009). doi:10.1128/AEM.01541-09

33. Yilmaz, P., Parfrey, L.W., Yarza, P., Gerken, J., Pruesse, E., Quast, C., Schweer, T., Peplies, J., Ludwig, W., Glockner, F.O.: The
SILVA and “All-species Living Tree Project (LTP)" taxonomic frameworks. Nucleic Acids Research 42(D1), 643-648 (2014).
doi:10.1093/nar/gkt1209

34. Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., Peplies, J., Glockner, F.O.: The SILVA ribosomal RNA gene
database project: improved data processing and web-based tools. Nucleic Acids Research 41(D1), 590-596 (2013).
doi:10.1093/NAR/GKS1219

35. Cole, J.R., Wang, Q., Cardenas, E., Fish, J., Chai, B., Farris, R.J., Kulam-Syed-Mohideen, A.S., McGarrell, D.M., Marsh, T., Garrity,
G.M., Tiedje, J.M.: The ribosomal database project: improved alignments and new tools for rrna analysis. Nucleic Acids Research 37,
141-145 (2009). doi:10.1093/NAR/GKN879

36. DeSantis, T.Z., Hugenholtz, P., Larsen, N., Rojas, M., Brodie, E.L., Keller, K., Huber, T., Dalevi, D., Hu, P., Andersen, G.L.:
Greengenes, a chimera-checked 16s rrna gene database and workbench compatible with arb. Applied and Environmental Microbiology
72, 5069-5072 (2006). doi:10.1128/AEM.03006-05

37. Aziz, |., Térnblom, H., Palsson, O.S., Whitehead, W.E., Simrén, M.: How the Change in IBS Criteria From Rome Ill to Rome IV
Impacts on Clinical Characteristics and Key Pathophysiological Factors. American Journal of Gastroenterology 113(7), 1017-1025
(2018). doi:10.1038/541395-018-0074-Z

38. McDonald, D., Hyde, E., Debelius, J.W., Morton, J.T., Gonzalez, A., Ackermann, G., Aksenov, A.A., Behsaz, B., Brennan, C., Chen,
Y., DeRight Goldasich, L., Dorrestein, P.C., Dunn, R.R., Fahimipour, A.K., Gaffney, J., Gilbert, J.A., Gogul, G., Green, J.L.,
Hugenholtz, P., Humphrey, G., Huttenhower, C., Jackson, M.A., Janssen, S., Jeste, D.V., Jiang, L., Kelley, S.T., Knights, D.,
Kosciolek, T., Ladau, J., Leach, J., Marotz, C., Meleshko, D., Melnik, A.V., Metcalf, J.L., Mohimani, H., Montassier, E.,
Navas-Molina, J., Nguyen, T.T., Peddada, S., Pevzner, P., Pollard, K.S., Rahnavard, G., Robbins-Pianka, A., Sangwan, N.,
Shorenstein, J., Smarr, L., Song, S.J., Spector, T., Swafford, A.D., Thackray, V.G., Thompson, L.R., Tripathi, A., Vdzquez-Baeza, Y.,
Vrbanac, A., Wischmeyer, P., Wolfe, E., Zhu, Q., Knight, R., Mann, A.E., Amir, A., Frazier, A., Martino, C., Lebrilla, C., Lozupone,
C., Lewis, C.M., Raison, C., Zhang, C., Lauber, C.L., Warinner, C., Lowry, C.A., Callewaert, C., Bloss, C., Willner, D., Galzerani,
D.D., Gonzalez, D.J., Mills, D.A., Chopra, D., Gevers, D., Berg-Lyons, D., Sears, D.D., Wendel, D., Lovelace, E., Pierce, E.,
TerAvest, E., Bolyen, E., Bushman, F.D., Wu, G.D., Church, G.M., Saxe, G., Holscher, H.D., Ugrina, |., German, J.B., Caporaso,
J.G., Wozniak, J.M., Kerr, J., Ravel, J., Lewis, J.D., Suchodolski, J.S., Jansson, J.K., Hampton-Marcell, J.T., Bobe, J., Raes, J.,


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.22.575775; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Carcy et al. Page 24 of 38

Chase, J.H., Eisen, J.A., Monk, J., Clemente, J.C., Petrosino, J., Goodrich, J., Gauglitz, J., Jacobs, J., Zengler, K., Swanson, K.S.,
Lewis, K., Mayer, K., Bittinger, K., Dillon, L., Zaramela, L.S., Schriml, L.M., Dominguez-Bello, M.G., Jankowska, M.M., Blaser, M.,
Pirrung, M., Minson, M., Kurisu, M., Ajami, N., Gottel, N.R., Chia, N., Fierer, N., White, O., Cani, P.D., Gajer, P., Strandwitz, P.,
Kashyap, P., Dutton, R., Park, R.S., Xavier, R.J., Mills, R.H., Krajmalnik-Brown, R., Ley, R., Owens, S.M., Klemmer, S., Matamoros,
S., Mirarab, S., Moorman, S., Holmes, S., Schwartz, T., Eshoo-Anton, T.W., Vigers, T., Pandey, V., Treuren, W.V., Fang, X., Zech
Xu, Z., Jarmusch, A., Geier, J., Reeve, N., Silva, R., Kopylova, E., Nguyen, D., Sanders, K., Salido Benitez, R.A., Heale, A.C.,
Abramson, M., Waldispiihl, J., Butyaev, A., Drogaris, C., Nazarova, E., Ball, M., Gunderson, B.: American Gut: an Open Platform for
Citizen Science Microbiome Research. mSystems 3(3), 31-49 (2018). doi:10.1128/msystems.00031-18

39. Presti, A.L., Zorzi, F., Chierico, F.D., Altomare, A., Cocca, S., Avola, A., De Biasio, F., Russo, A., Cella, E., Reddel, S., Calabrese,
E., Biancone, L., Monteleone, G., Cicala, M., Angeletti, S., Ciccozzi, M., Putignani, L., Luca Guarino, M.P.: Fecal and mucosal
microbiota profiling in irritable bowel syndrome and inflammatory bowel disease. Frontiers in Microbiology 10(JULY), 1-14 (2019).
doi:10.3389 /fmicb.2019.01655

40. Zhu, S., Liu, S., Li, H., Zhang, Z., Zhang, Q., Chen, L., Zhao, Y., Chen, Y., Gu, J., Min, L., Zhang, S.: Identification of Gut
Microbiota and Metabolites Signature in Patients With Irritable Bowel Syndrome. Frontiers in Cellular and Infection Microbiology
9(October), 1-12 (2019). doi:10.3389/fcimb.2019.00346

41. Liu, T., Gu, X,, Li, L.-X., Li, M., Li, B., Cui, X., Zuo, X.-L.: Microbial and metabolomic profiles in correlation with depression and
anxiety co-morbidities in diarrhoea-predominant IBS patients. BMC Microbiology 20(1), 1-14 (2020).
doi:10.1186/s12866-020-01841-4

42. Zhuang, X., Tian, Z., Li, L., Zeng, Z., Chen, M., Xiong, L.: Fecal microbiota alterations associated with diarrhea-predominant
irritable bowel syndrome. Frontiers in Microbiology 9(JUL), 1-11 (2018). doi:10.3389/fmicb.2018.01600

43. Mgclnnes, L., Healy, J., Melville, J.: UMAP: Uniform Manifold Approximation and Projection for Dimension Reduction. arXiv (2018).
doi:10.48550/arxiv.1802.03426

44. Aitchison, J.: The Statistical Analysis of Compositional Data. Journal of the Royal Statistical Society. Series B (Methodological)
44(2), 139-177 (1982)

45. Cao, Y., Lin, W., Li, H.: Two-sample tests of high-dimensional means for compositional data. Biometrika 105(1), 115-132 (2018)

46. Callahan, B.J., Sankaran, K., Fukuyama, J.A., McMurdie, P.J., Holmes, S.P.: Bioconductor workflow for microbiome data analysis:
From raw reads to community analyses [version 1; referees: 3 approved]. F1000Research 5, 1-49 (2016).
doi:10.12688 /F1000RESEARCH.8986.1

47. Lin, H., Peddada, S.D.: Analysis of compositions of microbiomes with bias correction. Nat. Commun. 11(1), 3514 (2020).
doi:10.1038/s41467-020-17041-7

48. Zhou, H., Zhang, X., He, K., Chen, J.: LinDA: Linear models for differential abundance analysis of microbiome compositional data
(2021). 2104.00242

49. Biittner, M., Ostner, J., Miiller, C.L., Theis, F.J., Schubert, B.: scCODA is a bayesian model for compositional single-cell data
analysis. Nat. Commun. 12(1), 1-10 (2021). doi:10.1038/s41467-021-27150-6

50. Liu, Y., Zhang, L., Wang, X., Wang, Z., Zhang, J., Jiang, R., Wang, X., Wang, K., Liu, Z., Xia, Z., Xu, Z., Nie, Y., Lv, X., Wu, X.,
Zhu, H., Duan, L.: Similar fecal microbiota signatures in patients with Diarrhea-Predominant irritable bowel syndrome and patients
with depression. Clin. Gastroenterol. Hepatol. 14(11), 1602-16115 (2016). doi:10.1016/j.cgh.2016.05.033

51. Liu, Y., Li, W,, Yang, H., Zhang, X., Wang, W., Jia, S., Xiang, B., Wang, Y., Miao, L., Zhang, H., Wang, L., Wang, Y., Song, J.,
Sun, Y., Chai, L., Tian, X.: Leveraging 16S rRNA microbiome sequencing data to identify bacterial signatures for irritable bowel
syndrome. Front. Cell. Infect. Microbiol. 11, 645951 (2021). doi:10.3389/fcimb.2021.645951

52. Gloor, G.B., Macklaim, J.M., Pawlowsky-Glahn, V., Egozcue, J.J.: Microbiome datasets are compositional: And this is not optional.
Front. Microbiol. 8, 2224 (2017). doi:10.3389/fmicb.2017.02224

53. Rajilié-Stojanovié, M., Biagi, E., Heilig, H.G.H.J., Kajander, K., Kekkonen, R.A., Tims, S., de Vos, W.M.: Global and deep molecular
analysis of microbiota signatures in fecal samples from patients with irritable bowel syndrome. Gastroenterology 141(5), 1792-1801
(2011). doi:10.1053/j.gastro.2011.07.043

54. Choo, C., Mahurkar-Hoshi, S., Dong, T., Lenhart, A., Lagishetty, V., Jacobs, J., Labus, J.S., Jaffe, N., Mayer, E.A., Chang, L.:
Colonic mucosal microbiota is associated with bowel habit subtype and abdominal pain in patients with irritable bowel syndrome.
American Journal of Physiology (2022). doi:10.1152/ajpgi.00352.2021

55. Lozupone, C.A., Stombaugh, J., Gonzalez, A., Ackermann, G., Wendel, D., Vazquez-Baeza, Y., Jansson, J.K., Gordon, J.I., Knight,
R.: Meta-analyses of studies of the human microbiota. Genome Research 23(10), 1704-1714 (2013). doi:10.1101/gr.151803.112

56. Lenhart, A., Dong, T., Joshi, S., Jaffe, N., Choo, C., Liu, C., Jacobs, J.P., Lagishetty, V., Shih, W., Labus, J.S., Gupta, A., Tillisch,
K., Mayer, E.A., Chang, L.: Effect of Exclusion Diets on Symptom Severity and the Gut Microbiota in Patients With Irritable Bowel
Syndrome. Clinical Gastroenterology and Hepatology 20(3), 465—483 (2022). doi:10.1016/j.cgh.2021.05.027

57. Duvallet, C., Gibbons, S.M., Gurry, T., Irizarry, R.A., Alm, E.J.: Meta-analysis of gut microbiome studies identifies disease-specific
and shared responses. Nature Communications 8(1) (2017). doi:10.1038/s41467-017-01973-8

58. Mancabelli, L., Milani, C., Lugli, G.A., Turroni, F., Cocconi, D., van Sinderen, D., Ventura, M.: ldentification of universal gut
microbial biomarkers of common human intestinal diseases by meta-analysis. FEMS Microbiology Ecology 93(12), 153 (2017).
doi:10.1093/FEMSEC/FIX153

59. Gibbons, S.M., Duvallet, C., Alm, E.J.: Correcting for batch effects in case-control microbiome studies. PLOS Computational Biology
14(4), 1006102 (2018). doi:10.1371/JOURNAL.PCBI.1006102

60. Vacca, M., Celano, G., Calabrese, F.M., Portincasa, P., Gobbetti, M., De Angelis, M.: The Controversial Role of Human Gut


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.01.22.575775; this version posted January 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Carcy et al. Page 25 of 38

Lachnospiraceae. Microorganisms 8(4) (2020). doi:10.3390/MICROORGANISMS8040573

61. Wong, J.M.W., de Souza, R., Kendall, CW.C., Emam, A., Jenkins, D.J.A.: New prismatic solid-shell element: Assumed strain
formulation and hourglass mode analysis. Journal of Clinical Gastroenterology 40(3), 235-243 (2006).
doi:10.12989 /sem.2011.37.2.253

62. Arpaia, N., Campbell, C., Fan, X., Dikiy, S., Van Der Veeken, J., Deroos, P., Liu, H., Cross, J.R., Pfeffer, K., Coffer, P.J., Rudensky,
A.Y.: Metabolites produced by commensal bacteria promote peripheral regulatory T-cell generation. Nature 504(7480), 451-455
(2013). doi:10.1038/nature12726

63. Vandeputte, D., Falony, G., Vieira-Silva, S., Tito, R.Y., Joossens, M., Raes, J.: Stool consistency is strongly associated with gut
microbiota richness and composition, enterotypes and bacterial growth rates. Gut 65(1), 57-62 (2016).
doi:10.1136/GUTJNL-2015-309618

64. R Core Team: R: A Language and Environment for Statistical Computing. R Foundation for Statistical Computing, Vienna, Austria
(2022). R Foundation for Statistical Computing. https://www.R-project.org/

65. Callahan, B.J., McMurdie, P.J., Rosen, M.J., Han, A\W., Johnson, A.J.A., Holmes, S.P.: DADA2: High-resolution sample inference
from lllumina amplicon data. Nature Methods 13(7), 581-583 (2016). doi:10.1038/nmeth.3869

66. Amir, A., McDonald, D., Navas-Molina, J.A., Debelius, J., Morton, J.T., Hyde, E., Robbins-Pianka, A., Knight, R., Arumugam, M.:
Correcting for microbial blooms in fecal samples during room-temperature shipping. mSystems 2(2), 00199-16 (2017).
doi:10.1128 /mSystems.00199-16

67. McMurdie, P.J., Holmes, S.: phyloseq: An R Package for Reproducible Interactive Analysis and Graphics of Microbiome Census Data.
PLOS ONE 8(4) (2013). doi:10.1371/JOURNAL.PONE.0061217

68. Wang, L.G., Lam, T.T.Y., Xu, S., Dai, Z., Zhou, L., Feng, T., Guo, P., Dunn, C.W., Jones, B.R., Bradley, T., Zhu, H., Guan, Y.,
Jiang, Y., Yu, G.: Treeio: An R Package for Phylogenetic Tree Input and Output with Richly Annotated and Associated Data.
Molecular Biology and Evolution 37(2), 599-603 (2020). doi:10.1093/MOLBEV/MSZ240

69. Yu, G., Smith, D.K., Zhu, H., Guan, Y., Lam, T.T.Y.: ggtree: an r package for visualization and annotation of phylogenetic trees with
their covariates and other associated data. Methods in Ecology and Evolution 8(1), 28-36 (2017). doi:10.1111/2041-210X.12628

70. Murtagh, F., Legendre, P.: Ward's Hierarchical Agglomerative Clustering Method: Which Algorithms Implement Ward’s Criterion?
Journal of Classification 31(3), 274-295 (2014). doi:10.1007 /S00357-014-9161-Z

71. Ward, J.H.: Hierarchical Grouping to Optimize an Objective Function. Journal of the American Statistical Association 58(301),
236-244 (1963). doi:10.1080/01621459.1963.10500845

72. Chen, Y.-J., Wu, H., Wu, S.-D., Lu, N., Wang, Y.-T., Liu, H.-N., Dong, L., Liu, T.-T., Shen, X.-Z.: Parasutterella, in association
with irritable bowel syndrome and intestinal chronic inflammation. J. Gastroenterol. Hepatol. 33(11), 1844-1852 (2018).
doi:10.1111/jgh.14281

73. Segata, N., lzard, J., Waldron, L., Gevers, D., Miropolsky, L., Garrett, W.S., Huttenhower, C.: Metagenomic biomarker discovery and
explanation. Genome Biol. 12(6), 60 (2011). doi:10.1186/gb-2011-12-6-r60

74. Nearing, J.T., Douglas, G.M., Hayes, M., Donald, J.M., Desai, D., Allward, N., Jones, C.M.A., Wright, R., Dhanani, A., Comeau,
A.M., Langille, M.G.I.: Microbiome differential abundance methods produce disturbingly different results across 38 datasets.
doi:10.1101/2021.05.10.443486

75. Bien, J., Yan, X., Simpson, L., Miiller, C.L.: Tree-aggregated predictive modeling of microbiome data. Scientific Reports 11(1), 1-13
(2021)


https://doi.org/10.1101/2024.01.22.575775
http://creativecommons.org/licenses/by-nc/4.0/

