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ABSTRACT BOOK

We are pleased to present the abstract book of the 12th edition of The Barcelona Debates on the
Human Microbiome , an international meeting dedicated to showcasing the latest advances in
microbiome research .

This year, a total of 56 abstracts have been accepted, reflecting the breadth and excellence of
innovative work conducted by researchers worldwide . All submissions were evaluated through a
rigorous blind peer-review process carried out by the Scientific Committee, composed of 10
distinguished experts. This careful selection process ensures that the contributions included
represent the highest standards of scientific quality, advancing our understanding of the human
microbiome in health and disease.

All accepted abstracts will be presented as flash communications  during the meeting.
Furthermore, the Scientific Committee has identified six outstanding abstracts of exceptional
merit; among these, one will be distinguished with the Best Abstract Award in recognition of its
scientific excellence and potential impact.
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Methods

1. A Customizable Consensus Framework for Microbiome Differential Abundance

Martina Cardinali’, Toni Gabaldén?

"IRB Barcelona / CIBERINFEC / BSC, Barcelona, Spain; 2 IRB Barcelona / CIBERINFEC / BSC / ICREA, Barcelona, Spain

Differential abundance (DA) analysis in microbiome studies is highly method -dependent, and different tools
can produce discordant results because of differences in statistical assumptions, normalization strategies,
sparsity handling, and false discovery control . This variability complicates interpretation, reduces confidence
in the final set of candidate taxa and makes it difficult to compare the results across studies .

We are developing a consensus -based framework to combine multiple DA methods and improve the
robustness of microbiome findings .

Several DA methods were assessed on simulated microbiome datasets with known ground truth and varying
signal characteristics . Their performance was summarized using false discovery rate (FDR) and F1 score,
taking into account both taxon identity and direction of effect. These results were then used to define
consensus strategies that combine evidence across methods and prioritize taxa showing more consistent
support . Consensus rules and thresholds were calibrated on the simulated data and then applied to the real
dataset . The biological plausibility of the resulting taxa was further explored by comparison with condition -
associated microbial signatures reported in BugSigDB.

In preliminary analyses, the consensus framework showed a more favorable balance between FDR control and
F1score in the simulated datasets than individual methods considered separately . The approach also reduced
disagreement across methods and yielded a more interpretable set of candidate taxa in the real dataset .
Comparison with BugSigDB suggested that the consensus -derived findings were biologically plausible and
consistent with previously reported condition -associated microbial patterns .

This work presents a simulation -calibrated consensus framework for microbiome DA analysis that aims to
improve robustness, interpretability, and transparency in integrating multiple methods .

Back
THE BARCELONA DEBATES ON THE HUMAN MICROBIOME 2025 6



Consensus tool for robust and comparable results in
microbiome differential abundance analysis

Martina Cardinali-Benignil22, Toni Gabaldén'23*
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“4Catalan Institution for Research and Advanced Studies (ICREA), Barcelona, Spain

martina.cardina

Background

@irbbarcelona.org

Differential abundance (DA) analysis is central to identifying microbial
signatures of health and disease. Yet, multiple statistical tools exist for this task,
each relying on different assumptions, and they produce discordant results on
the same dataset.

No single tool is consistently optimal: performance depends on the community
structure, sample size, and effect size of each study. This makes any fixed
method choice arbitrary and undermines reproducibility across studies, calling
for a data-adaptive consensus strategy.

e Develop a consensus approach for differential abundance analysis that
integrates multiple tools and adapts to each dataset

e Produce robust, comparable results and reduce the misidentification of DA
taxa inherent to single-method analyses

Methodology

=| I I | | Number of DA taxa in intersection

ADAPT
LinDA .
LOCOM

MaAsLin2 .

DA taxa per too!

e Five complementary tools for differential abundance analysis
e Consensus call based on k-tools (Path A) or on weighted scores (Path B)
o Simulation-based (MIDASIm) ground-truth

Data

BGUT
CRIPREV
SLL1

In-house datasets

SLL2
' Gingival_V13

o Reproducible Nextflow workflow, fully containerised (Docker/Singularity), single
Phyloseq RDS input

Workflow

Ketools
intarssetion

Apply sorc

O

Public datasets
MicrobiomeBenchmarkData

| Gingival_V35
BV oy

m—Fath A: K-intersection consensus

—path B: sirulation-trained sort consensus

Results

3¢ nexiflow

Consensus approach Vs. single tools

F1 across datasets
Shape indicates whether the method passed the FDR threshold

X

X®
«® . ‘e
- o x X x
“ 050 X ° -
s L 2
3 x®
= L L]
5 X
0.2 = “®s0. %
K e X s @
X ® x .
& & & & "_fy \40 \@“
& & &8 &7 & R
e <« & oS

@ FOR==005 X FDR=005

Dataset

® acapt

@ consensus k

Conclusions

@ consensus_soft ® linda @ maaslin2

® comcob ® locom

Path A Vs. Path B

F1 across datasets: consensus soft versus all k-agreement thresholds
x-shaped points have mean FDR > 0.05

08 x
X
L]
® 5 ° XXI
o
&8 Xogq X ®
- e L]
o QX.
< o
oa
g ° ox
x X
oe,
02 LR % . >K’.
Xeoy L
.. L] L
& ry & R @
i s § s
$ & &

Dataset

® FDR<=005 X FOR>005 @ k=1 @ k=3 @ k=5

® k=2 ® k=4 @ Consensussoft

e Best single tool is dataset-dependent
e Consensus approach removes the arbitrary method choice

Based on simulated ground truth
o Consensus strategies outperform any stand-alone tool across datasets
o The weighted score achieves competitive or superior F1 with controlled

FDR, adapting to each dataset’s characteristics

= IRB°

BARCELONA

Ciber INFEC

e Fully automated and reproducible Nextflow pipeline
e Boosts robustness and trust in differential abundance results
e Consistent use across studies make microbial signature findings comparable

Barcelona
Supercomputing

@

(:cmm Naclonal de Supercomputacion



ABSTRACT BOOK
ABSTRACTS BY TOPIC | METHODS

2. Benchmarking the Identification of Mobile Genetic Elements from de Novo Gut
Metagenome Assemblies

Arnau Noguera-Segura’, Marc Pons-Tarin®, Sara Vega-Abellaneda’, Zaida Soler’, Chaysavanh Manichanh'

"Vall d'Hebron Institut de Recerca (VHIR), Barcelona, Spain

As shotgun sequencing becomes more widely available, taxonomic and functional profiling of bacterial
communities has become increasingly possible . However, characterizing mobile genetic elements (MGEs) such
as plasmids and bacteriophages remains challenging, although they have an important role in microbiome
community dynamics and, particularly, in horizontal gene transfer . Accurate detection and quantification of
MGEs in metagenomic datasets are hindered by their high diversity and variability, and their frequent
sequence similarity with host genomes .

In this work, we employ simulated reads from mock communities composed of bacteria, archaea, plasmids,
and viruses to determine the optimal bioinformatic workflow for assembly -based MGE analysis. Bacterial and
archaeal compositions reproduce those observed in real faecal samples, while plasmids and phages are
randomly selected among those with bacterial hosts present in the community . This framework enables direct
benchmarking against a known truth .

We explore a range of assembly -based pipelines, including strategies to improve assemblies such as binning
and contig grouping based on gene coabundance among several samples. Performance is assessed at several
points of the pipeline through standard metrics like precision, recall, F-score and the completeness and
correctness of recovered sequences . Additionally, we explore the effects of sequencing depth and community
complexity on MGE recovery .

By providing a reproducible benchmarking framework, this study aims to identify strengths and limitations of
current approaches and to inform the development of best-practice workflows for MGE profiling in complex
metagenomes . Ultimately, this work seeks to support more robust investigations of microbial ecology,
evolution, and horizontal gene transfer using shotgun metagenomic data.
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Benchmarking the identification of Mobile Genetic Elements from de novo
gut metagenome assemblies
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3. Funomic 3: Optimized Pipeline and Databases for Mycobiome Profiling

Sara Vega-Abellaneda’, Zixuan Xie', Arnau Noguera-Segura’, Gerard Serrano-GomeZz', Maria Tarrat-Castells’, Chaysavanh
Manichanh’

"Vall d'Hebron Institut de Recerca (VHIR), Barcelona, Spain

Despite the critical role of the gut mycobiome in human health, research has been predominantly centred on
bacteria, leaving fungal communities understudied, primarily due to technical limitations in current
methodologies . To address these challenges, we previously developed FunOMIC, a tool comprising both
taxonomic and protein databases alongside a pipeline for profiling the mycobiome in shotgun metagenomic
samples, and FunOMIC2, an enhanced version of the original tool featuring updated databases and an
improved analysis pipeline. Here we present FunOMIC3, with the intention to refine fungi detection in low
fungal biomass samples. This tool presents an improved database creation pipeline, which allows its
expansion from around 2M marker sequences to around 13M marker sequences, as well as including 1640
more fungal species. The new taxonomy profiling pipeline has been refined to improve the fungal species
guantification and avoid overrepresentation of most studied species. Some parameters have been optimized
to improve species detection while avoiding false positives . Simulated mock communities were employed to
compare the performance of the new FunOMIC3 pipeline and databases with the previous FunOMIC2
(FunOMIC1 could not be included in the analysis due to lack of maintenance) . This comparison demonstrates
that FUNOMIC3 is capable of increasing the average F-score from 0.55 to 0.74, primarily by decreasing the
false positives by 56%. The new pipeline also shows an improvement on the fungal quantification, assessed by
the root mean square error between the expected and predicted relative abundance of the true positives .

THE BARCELONA DEBATES ON THE HUMAN MICROBIOME 2025




FunEmIC

* Microbiome Lab, Vall dHebron Institut de Recerca , Spain

INTRODUCTION

Due to technical limitations in current methodologies, microbiome research has been predominantly centred
on bacteria, leaving fungal communities understudied, particularly in ecosystems with low fungal biomass.

We previously developed FUunOMIC, a tool comprising both taxonomic and protein databases, along with a
pipeline for profiling the mycobiome in shotgun metagenomic samples, and FunOMIC2, an enhanced version

of the original tool featuring updated databases and an improved analysis pipeline.

Here, we present FUnOMIC3 to further refine fungal detection in low fungal biomass samples across

diverse ecosystems.

METHODS

FunOMIC3 pipeline
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Unmapped reads = decontaminated
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RESULTS Database expansion

FUnOMIC-Tvl FunOMIC-TvZ FunOMIC-Tv3

Total sequences 1698 953 2003 720 13 642 558
Mean sequence length 2601.3 27133 1738.0
Total species 1897 3011 3673

Table 2: Size comparison of the three versions of the FUNOMIC-T database

[ owrung ][ vighdepn ||

high fung

Improved quantification

Expected species

Debaryomyces hansenii

Saccharomyces cerevisiae
Malassezia restricta 028
Candida albicans

Kluyveromyces lactis

¢ <
Figure 1: Overview of the of the si k Mock1. Bottom panel shows
expected relative composition in comparison with the composition predicted by FunOMIC2 and FunOMIC3
pipeline. Top panels show Fscore and RMSE (root mean square error) values for these predictions.

CONCLUSIONS

2. The FunOMIC3 pipeline shows better overall performance than
FunOMIC2, particularly through a reduction in false-positive assignments.
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1. The FunOMIC-T v3 datahase has heen expanded by increasing the
number of single-copy orthologs extracted from each genome.

Optimized pipeline and databases
for mycobiome profiling

Sara Vega-Abellaneda® ?, Zixuan Xie', Arnau Noguera-Segura!, Gerard Serrano-Gomez!, Chaysavanh Manichanh® %

Contact us!
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* Corresponding author. cmanicha@gmail.com

OBJECTIVES

» Expand the taxonomy database

» Refine fungal detection in low fungal biomass
samples, such as faecal samples

« Improve the accuracy of fungal quantification

« Benchmark performance using simulated mock-
communities

Database creation; FUNOMIC-T v3

Extract single-copy
ortholog genes

CD-HIT 99% identity

e
Remove non-specific

MetaEuk + OrthoDB v12 sequences

Performance InSilicoSeq software
assessment lllumina Novaseq error model:
paired 150 bp reads
Low fungi High depth High fungi
Total reads 50 000 000 100 000 000 50 000 000
Bacterial reads 49 500 000 99 000 000 49 050 000

Fungal reads 50 000 (0.1%) 100 000 (0.1%) 500 000 (1%)

Other reads 450 000 900 000 450 000

Table 1. C: of the 3 si mock

variants. Number of simulated reads.

Pipeline [T Funomica n=10

FunOMIC2 FUnOMIC3 n=50

FunOMIC3 default FuUnOMIC3 n=100
okt I Wockz ] ookt 10 ooz
S = 100

Performance increase

075 ] 075 n [ L

|l L) - VESEED (el

c

<) =

Loo =

v} Hock3 1[ Mockd ] 8 Hock3 [ Mockd

e = & —

o Ji L L -
& S o s ]
o o

W o W
Mockl Mock2

Lo Hﬂ-ﬂ I:Iﬂ:l:h]ﬂﬂﬂ:lﬂ]

<]

IS) Mock Mockd

a

N

Hﬂﬂ[h]ﬂ”]m mm[hmﬂmj

&
o

o
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4. Implementing a Robust, Scalable Pipeline for & R & Z Feoal -Sample Biobank Metagenomic
Analyses

Angel Garcia de la Torre Garcia®’, Lara Nonell’, Stefania Napoli’ Alba Santiago® Laura Boleda® Diego Arregui’ Mdnica
Aguilera’, Garazi Serna’, Lidia Alonso’, Paolo Nuciforo®

" Vall d’Hebron Institute of Oncology (VHIO), Barcelona, Spain

Introduction : At VHIO we have a growing repository of fecal patient samples, the pan-cancer stool biobank, to
better understand the role of the gut microbiome in cancer. Since shotgun metagenomics provides more
comprehensive and quantitative insights into microbial communities, we adopted shotgun sequencing as the
standard approach for these stool samples. Consequently, a robust, scalable bioinformatics pipeline is
required to (i) process sequencing data under optimal conditions and (ii) handle the increasing volume of
samples.

Methods : We built a reproducible pipeline for shotgun metagenomics analysis based on the nf-core taxprofiler
workflow and a suite of custom downstream scripts and applied it to 294 stool sequencing runs from 175
longitudinally collected samples.

The pipeline was configured for & B a zhigh- performance computing cluster with the following steps: (i) initial
pre-processing, quality control and host read. (ii) taxonomic classification of non-human reads using Kraken2,
followed by abundance re-estimation with Bracken. Bracken outputs are converted into Phyloseq - compatible
format, filtered and normalized for downstream analyses.

Results : The pipeline was successfully deployed at & 3 & zHP@ and applied to the pilot dataset . Quality control
of raw sequencing data indicated high overall read quality. Over 85% of the samples had less than 20% of
reads that map to the human genome, with an average of 9%. The pipeline efficiently classified 82% of all non-
host reads as bacterial taxa. Downstream analyses included exploratory compositional profiling, alpha- and
beta - diversities and differential abundance testing .

Conclusions : We have assembled a standardized, scalable and reproducible bioinformatics pipeline for the
analysis of shotgun metagenomic data from VHIO biobank stool samples. The framework is integrated in the
internal HPC and can be extended to incorporate additional sample types and other cancer indications ..
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IMPLEMENTING A ROBUST, SCALABLE PIPELINE FOR VHIO'S
FECAL-SAMPLE BIOBANK METAGENOMIC ANALYSES

A. Garcia de la Torre!, S. Napoli?, A. Santiago?, L. Boleda?, D. Arregui?, M. Aguilera?, G. Serna?,
L Alonso?, P. Nuciforo?, L. Nonell

1.Bioinformatics Unit (VHIOinformatics), Vall d'Hebron Institute of Oncology (VHIO), Barcelona, Spain
2.Molecular Oncology Laboratory, Vall d'Hebron Institute of Oncology (VHIO), Barcelona, Spain

angelgarcia@vhio.net g

AtVHIO we have a growing repository of fecal patient samples, the pan-cancer stool biobank, that can be screened
routinely to better understand the role of the gut microbiome in cancer. Since shotgun metagenomics provides
more comprehensive and quantitative insights into microbial communities compared to 16S rRNA amplicon
sequencing, we have decided to adopt shotgun sequencing as the standard approach for these stool samples.
Consequently, a robust, scalable bioinformatics pipeline is required to (i) process sequencing data under optimal
conditions and (ii) handle the increasing volume of samples stored in the biobank.
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Figure 1. Experimental design and bioinformatic workflow for shotgun metagenomics analysis. 294 stool sequencing runs from 175
longitudinally collected LARC samples from the VHIO stool biobank were processed. The nf-core taxprofiler (Stamouli et al, 2023). pipeline was
implemented on VHIO's high-performance computing cluster using Kraken2 (Wood and Salzberg, 2014). and MetaPhlAn4 (Blanco-Miguez et al.,
2023) tools. Taxonomic profiler outputs were subsequently converted into a Phyloseq-compatible (McMurdie and Holmes, 2013) format, enabling
filtering and normalization for downstream analyses.
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5. Benchmarking Fungal Taxonomic Assignment Using ITS2 Sequences

Nerea Carrén’, Antonio Sdnchez’, Adrid Cruells®, Manuel Garcia®, Pedro Gonzdlez’

" Microomics Systems S.L., Barcelona, Spain

Background : Fungal taxonomic profiing based on ITS2 remains challenging due to the high sequence
variability of this marker and the limited benchmarking available for different analytical strategies . While ASV-
based approaches are widely used in 16S rRNA studies, their suitability for ITS2 fungal profiling is still
uncertain . We compared ASV, k-merGbased and zOTU approaches to evaluate their ability to recover the
expected composition of simulated ITS2 communities .

Methodology : A total of 500 benchmarking samples were generated from the UNITE database by randomly
extracting ITS2 regions . Taxonomic classification was performed using DADA2 (ASV inference), Centrifuger (k-
merCbased) and VSEARCH (zOTU clustering at 97% and 99% similarity) at the genus level using the UNITE
database . Alpha and beta diversity, sensitivity, positive predictive value (PPV) and I|j AC t B_ korrédation
coefficient T Awere used as performance metrics .

Results : ASV showed the lowest performance across alpha metrics (Table 1), markedly underestimating
richness (mean 8.08 vs 16.5 expected, Fig. 1) and Shannon index (Fig.2). ASV also showed the highest Bray-
Curtis mean dissimilarity (0.797, Table 2), the lowest mean sensitivity (0.555), lower mean PPV (0.768), and a
negative correlation (-0.426) to the theoretical profile (Table 3). In contrast, k-merGbased and both Zotu
strategies remained much closer to theoretical values. zOTU approaches at both 97% and 99% similarity
showed the best overall performance ; no differences were observed between them.

Conclusions : Under these benchmark conditions, ASV inference was less suitable for reconstructing ITS2
fungal communities than k-merCGbased and zOTU approaches . zOTU clustering revealed higher sensitivity than
k-mer-based approaches . Both zOTU strategies recovered more accurately the expected composition,
supporting their use as more robust alternatives for ITS2-based fungal profiling studies .

THE BARCELONA DEBATES ON THE HUMAN MICROBIOME 2025

Simulated ASV k-mer-based zZOTU 97% ZOTU 99%
(N=500) (N=500) (N=500) (N=500) (N=500) Table 1. Comparison of alpha diversity
Observed metrics across methodological
Mean (SD) 16.5 (1.70) 8.08 (2.09) 15.6 (1.81) 16.0 (1.80) 16.0 (1.80) approaches . Richness (referred  as
) Observed) and Shannon index were
Median [Min, Max]  17.0 [12.0,20.0]  8.00 [1.00, 14.0]  16.0[9.00, 20.0] 16.0[10.0, 20.0]  16.0 [10.0, 20.0] calculated for the simulated reference,
Shannon ASV inference, both zOTU
Mean (SD) 2.80 (0.106) 2.02 (0.289) 2.73(0.127) 2.75 (0.124) 2.75 (0.124) methodological  groups and  k-mer-
Median [Min, Max]  2.83 [2.48, 3.00] 2.04 [0, 2.64] 2.75[2.16,3.00] 2.77[2.24,3.00] 2.77 [2.24, 3.00] based methods .
Overall
(N=500)
Simulated
Mean (SD) 0(0)
Median [Min, Max] 01[0,0)
ASV
Mean (SD) 0.797 (0.107)
Median [Min, Max] 0.804 [0.359, 1.00] Table 2. Distance between simulated
data and alternative methodological
k-mer-based approaches . Distances were
Mean (SD) 0.0293 (0.0398) calculated using BrayGCurtis
_ ) dissimilarity for ASV inference, k-mer-
Median [Min, Max] 0 [0, 0.167] based methods, and both zOTU
20TU 97% groups, using the simulated dataset as
the reference .
Mean (SD) 0.0119 (0.0244)
Median [Min, Max] 0 [0, 0.130]
zOTU 99%
Mean (SD) 0.0118 (0.0243)
Median [Min, Max] 00, 0.130]
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simulated ASV Simulated k-mer- Simulated zOTU Simulated zOTU
000 based 97% 99%
(N=500) (N=500) (N=500)

Sensitivity Table 3. Performance metrics across
Mean (SD) 0.555 (0.0315) 0.975 (0.0356) 0.992 (0.0205) 0.992 (0.0202) methodological ‘approaches .
Median [Min, Max]  0.552 [0.500, 0.688] 1.00 [0.850, 1.00] 1.00[0.917, 1.00] 1.00 [0.917, 1.00] (S;S\S/')t'v'tyah dposgg’:am?;d'dg’;rel‘;zgf

PPV coefficient (Au for the simulated
Mean (SD) 0.768 (0.0641) 1.00 (0) 0.998 (0.0116) 0.998 (0.0119) reference , ASV inference , k-mer-
Median [Min, Max] 0.762 [0.609, 1.00] 1.00 [1.00, 1.00] 1.00 [0.929, 1.00] 1.00 [0.929, 1.00] based methods, and both zOTU

Correlation methodological groups .

Mean (SD) -0.426 (0.248) 0.941 (0.107) 0.974 (0.0797) 0.974 (0.0796)

Median [Min, Max]  -0.451 [-0.876, 0.509] 1.00 [0.372, 1.00] 1.00 [0.447, 1.00] 1.00 [0.447, 1.00]

Figure 1. Richness (y-axis) distribution boxplots across the simulated
reference, ASV inference, k-mer-based and both zOTU methodological
groups (x-axis). The horizontal line indicates the median and boxes show the
interquartile range (IQR).
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Figure 2. Shannon index (y-axis) distribution boxplots across the simulated
reference, ASV inference, k-mer based and both zOTU methodological
groups (x-axis). The horizontal line indicates the median and boxes show the
interquartile range (IQR).

Method

B simulated
B Asv

. k-mer-based
E3 zotu97%
E3 zo0Tu 99%

Shannon
L 1]

. . '
k-mer-based zOTU 97% zOTU 99%

Method

. '
Simulated ASV

THE BARCELONA DEBATES ON THE HUMAN MICROBIOME 2025




BENCHMARKING FUNGAL TAXONOMIC ASSIGNMENT
USING ITS2 SEQUENCES

MICrOSMICS

Nerea Carron - Antonio Sanchez-Baos - Adria Cruells - Manuel Garcia-Ulloa - Pedro Gonzalez-Torres Small things that matter

BACKGROUND

Fungal taxonomic profiling using the ITS2 marker remains challenging due to high sequence variability
and limited benchmarking for different analytical strategies. While ASV-based approaches are widely
used in 76S rRNA studies, their suitability for ITS2 fungal profiling is still uncertain. We compared ASV, k-
mer-based and zOTU approaches to evaluate their ability to recover the expected composition of
simulated ITS2 communities.

METHODOLOGY

500 Simulated Classification Methods Performance Metrics
Samples i RS RIS S S AT e S
. DADA2 (ASV) +Bayesian classifier ! ___Alpha 1 1 Sensitivity
e e e e e e e = - < S et 1
BerHonlyextractes fmmmmmmmmmmm- - ~ Predictive Positive Value (PPV)
ITS2 regions using . Centrifuger (k-mer) ! N L L LR L E S LR L
. \ 1
forward primers from ,-----::::::: ______ ' Spearman'sp !
the UNITE database | VSEARCH (zOTU 97% and 99%) + ' R ocinvh v nimintsa ‘
: Similarity-based search ! : Bray-curtis dissimilarity 1
_________________________ / L |
RESULTS .
ASV showed the lowest performance across alpha metrics, markedly - + +
underestimating richness and Shannon index (Fig. 1). ASV also

showed the highest Bray-Curtis mean dissimilarity, the lowest mean
sensitivity, lower mean PPV, and a negative correlation to the
theoretical profile. In contrast, k-mer-based and both zOTU
strategies remained much closer to theoretical values. zOTU S o p g0 ge
approaches at both 97% and 99% similarity showed the best overall 5" & &L
performance; no differences were observed between them (Table 1).

Richness
o 3

w
w

"l
Table 1. Comparison of ASV, k-mer, zOTU (97%), and zOTU (99%) methods based on sensitivity, PPV, @
Spearman correlation (p), and Bray-Curtis dissimilarity. S 2
o
®©
Sensitivity 0.555 0.975 0.992 0.992 @
o
PPV 0.768 1.000 0.998 0.998 5 X P o
PE A N N
Spearman p -0.426 0.941 0.974 0.974 <@ & oL
Bray-Curtis 0.797 0.0293 0.0119 0.0118 Fig1.Baxplots of (4) spacies richness

and (B) Shannon diversity.

CONCLUSIONS

° ASV inference was less suitable for reconstructing ITS2 fungal communities than
k-mer-based and zOTU approaches.

® zOTU clustering revealed higher sensitivity than k-mer-based approaches.

° zOTU approaches (97% & 99%) showed the best overall performance, supporting
their use as more robust alternatives for ITS2-based fungal profiling studies.
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6. GAIA Clinical RUO: a Metagenomics Pipeline for Pathogen and Antimicrobial Resistance
Detection

Erik Malinverni®, Guillermo Andrés Reig", Roberto Chumaceiro®, Daniel Julian®, Jair Dilmé Capd’, Riccardo Aiese Cigliano’,
Andreu Paytuvi-Gallart’

" Sequentia Biotech S.L., Barcelona, Spain

Background : The rising threat of pathogenic bacteria and antimicrobial resistance (AMR) necessitates rapid
diagnostic tools. Metagenomic next-generation sequencing (mNGS) offers a hypothesis -free method for
simultaneous pathogen detection and resistance profiling. We validated GAIA Clinical RUO v10, a
bioinformatics pipeline for comprehensive pathogen identification, AMR, and virulence factor (VF) genotyping
in clinical research .

Methods : GAIA Clinical integrates alignment -based taxonomic classification with dedicated AMR and VF
profiing modules . Performance was evaluated using an in silico validation strategy with simulated lllumina
paired -end reads. Three datasets were used: (A) 28 bacterial pathogens with defined AMR/VF profiles ; (B)
negative controls ; and (C) Escherichia coli pathotypes . Samples were simulated at varying read depths, and
performance metrics (sensitivity, specificity, PPV, NPV, and LOD) were calculated against ground -truth data.
Results : For pathogen detection, the pipeline demonstrated robust species identification (sensitivity 1.00,
specificity 0.987). The limit of detection (LOD) was determined for all targets, ranging from 479 to 24,281
reads. E. coli pathotyping achieved high performance (sensitivity 1.00, specificity 0.997). For AMR/VF gene
detection, high specificity (0.962 in Dataset A) and moderate sensitivity (0.855 in Dataset A) were achieved .
AMR/VF sensitivity was strongly depth -dependent, typically requiring >25,000 reads for saturation, while
specificity remained consistently high (>0.95).

Conclusions : GAIA Clinical RUO v1.0 offers robust performance for bacterial pathogen identification with low
limits of detection . Accurate AMR and VF genotyping is achievable with high specificity, although it requires
higher sequencing depth than taxonomic identification . This tool is a reliable solution for comprehensive
metagenomic analysis of complex bacterial infections .

GAIA Clinical RUO 1.0

Taxonomy FASTQ
profiling generation

AMR and virulence
gene mapping

Report

| &
HTML
==

Trimming

Aligned reads to
target pathogens

Input
samples

QC
Legend
Immmm——— GAIA Clinical RUO 4 End of process Workflow input/ Intermediate
I GAIA output process

Figure 1. Schematic overview of the GAIA Clinical RUO 1.0 bioinformatics pipeline. The workflow processes raw input reads (FASTQ) through an initial phase of
trimming, quality control (QC), and taxonomy profiling, which together comprise the foundational GAIA pipeline (highlighted in green). The extended GAIA Clinical RUO
workflow (grey) subsequently isolates reads aligned to target pathogens into intermediate FASTQ files. These filtered reads undergo targeted mapping to identify
antimicrobial resistance (AMR) and virulence genes, culminating in the generation of a comprehensive HTML report .
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Figure 2. The multi-panel plot assesses the analytical sensitivity (blue) and specificity (orange) of antimicrobial resistance (AMR) gene detection across 28 bacteria as
a function of input read depth (log10 counts) . Specificity is robust, while sensitivity sharply increases with depth, consistently reaching optimal performance (1.0) at
the species -specific Limit of Detection (LOD). Vertical dashed lines mark this empirically established LOD, the minimum sequence count needed for reliable AMR
determinant identification .
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Figure 3. The multi-panel plot assesses the analytical sensitivity (blue) and specificity (orange) of virulence gene detection across 28 bacteria as a function of input
read depth (log10 counts) . Specificity is robust, while sensitivity sharply increases with depth, consistently reaching optimal performance (1.0) at the species - specific
Limit of Detection (LOD). Vertical dashed lines mark this empirically established LOD, the minimum sequence count needed for reliable AMR determinant identification .
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GAIA Clinical RUO

a metagenomics pipeline for pathogen and
antimicrobial resistance detection powered by NN SEQUENTIA

Riccardo Aiese Cigliano DECODE - DISCOVER » DISRUPT.

Introduction GAIA Clinical RUO: The Bioinformatics Solution

We developed GAIA Clinical RUO, a new bioinformatics solution, to help
bridge the gap in pathogen detection, offering comprehensive genotyping
for Antimicrobial Resistance (AMR) and Virulence Factors (VF).

The Global Threat of AMR

Bacterial infections and AMR are one of the most significant
challenges to global public health, causing ~4.95M deaths
annually. Broad Compatibility

Compatible with Illumina and ONT Whole-Genome Sequencing (WGS), as
well as lllumina 16S amplicon sequencing.

Critical Need for Speed
Rapid pathogen identification is vital for sepsis cases, where every SequentiaHub Ecosystem
hour of delayed therapy increases mortality rates. Deployed within our platform for easy execution and secure storage of all
omics data.
Culture Limitations Beay, ARSI
Traditional culture methods are the gold standard but suffer from
slow turnaround and low sensitivity for unculturable organisms.
The Metagenomic Solution @ O O O O O
NGS offers a "hypothesis-free" shotgun sequencing alternative ,.[:Q':fn I :&f‘;ﬁ:ﬁ:
but requires bioinformatics expertise and informatics ac
infrastructure. Legend
{_ GAIA Clinical RUO q End of process w""‘::’[‘;ﬂ'"‘"‘"’ o "“;’::":"2 ]

GAIA CLINICAL RUO: IN SILICO VALIDATION FRAMEWORK

Experimental Design & Dataset Strategy Simulation Methodology

« Genome selection: High-quality NCBI RefSeq assemblies
iteratively selected for max gene diversity.

« Read Generation: ART-lllumina (2x100bp) mimicking HiSeq 2000
platform-specific error models.

« LOD determination: 8 abundance levels (1K to 1M reads) to find

+ Healthy Control: 5 Replicates (10M reads). Negative baseline.
« Dataset A: 1,120 samples: 28 pathogens with defined AMR.

« Dataset B: 20 samples: Pathogens lacking AMR/VF profiles.
« DAtaset C: 400 samples: E. coli pathotypes (EPEC, ETEC).

technical detection limits.

Analytical Performance Quality Control (QC)

We assess various metrics on the data to ensure its quality and reliability, providing a PASS
or FAIL result based on predefined cutoff criteria

Accurate detection of clinical pathogens The pathogen

Category Value found Cutoff [r—
detection module of GAIA Clinical RUO demonstrated Surviving reads after trimming 89557 >80 PASS
o o Number of surviving reads wo R s
excellent sensitivity (1.00) and specificity (0.999) across e SETOTIVINY afer trimming
. Average fragment size 214,268 >=150 PASS
all conditions. 100.0% S
Harhed readis: 46,562,697 > 5,000,000 PASS
P+ Sy = Specicy
All 0 t , indicating that pl ffi t
wali
Acinetobacter AQ::::\" ha.o.ﬁ.‘: A:;m- quality.
o eep ey .y .- PATHOGEN SPECIFICITY Pathogen verification
o @ 99.9% The presence of the pathogens listed below is evaluated.
> v ‘ 1 Detected Pathogens
Aeromonas &Mwy“:lﬂiv ("‘.“:I" ‘Wm“':"“‘ Pseudomonas aeruginosa
10 ee—p . ey B Status
et i ' h AMR SENSITIVITY DETECTED HIGH CONFIDENCE
24 5 b ; 5 % CPO4I0131, genome fraction 0.79
Skt 3 s : 94.0% p—
- Effector deli
by oo Lo e + HSI-, HSI-2 T6SS secreted effectors, HSI-2, TTSS, HSI1 T6SS secreted effectors,
10 e—o—p - - PR HSI-3, TTSS secreted effectors, Xcp secretion system
— - Adherence
7 3 i§ 3 N - Type IV pili
04 i i i AMR SPECIFICITY - Nutritional/Metabolic factor
oz [ : ; > - Pyoverdine, Pyochelin, Pyocyanin
g ‘ : Y 98.7% =y
Hasmophius Helicobacter Kiebsielia ebsieta . - Flagella
e v e prcte sl
Y10 oo —e—p —e—tp + Alginate
=08 g g g - Immune modulation
Sos [ : : - LPS
gg“ - F1 COMPOSITE -
re—— % — J\,- . -arlmgiyeoﬂ:. antibiotic
‘morganil ‘gonorrhoeae stuartil aeruginosa @namycin A 1]
98.1% + spectinomycin [2]
Pathogen detection sensitivity, specificity and PPV values of GAIA Clinical RUO
on Dataset A across pathogens with varying supporting counts. The average Samples were evaluated against strict thresholds for read survival
LOD is marked with a vertical dashed line. (>80%), fragment size (2150 bp), and minimum read depth

(5,000,000 total and non-human reads). As cstablished standards
were not fully met, sample quality may be insufficient and results

Conclusions should be interpreted with caution.

GAIA Clinical RUO offers a standardized, reproducible, and highly sensitive framework for clinical metagenomics. This study lays the necessary
groundwork for subsequent clinical utility trials, moving mNGS from a research capability to a reliable component of the precision infectious disease
management toolkit.

GAIA Cl i n ica I R U o mailto:info@sequentiabiotech.com
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7. Benchmark of GAIA 3: A Versatile and Accurate Pipeline for Both Short -/Long -Read Shotgun
and Amplicon Metagenomics

Roberto Malinverni’, Erik Andrés Reig", Guillermo Chumaceiro’, Daniel Julian®, Riccardo Aiese Cigliano’, Andreu Paytuvi-
Gallart’

" Sequentia Biotech S.L., Barcelona, Spain

Background : Despite advances in sequencing, accurate microbial profiling remains challenging . GAIA 3 was
developed to address this with a multi-stage workflow : raw FASTQ reads undergo quality control and
trimming, high-quality reads are aligned to curated databases with reliable alignments selected, and for
whole -genome shotgun samples, a genome coverage module filters false positives . The purpose of this study
was to benchmark GAIA 3 against state - of-the -art tools .

Methods : GAIA 3 was benchmarked on long-read shotgun datasets from PacBio HiFi and ONT R9/R10,
compared to 11 established tools including Kraken2, Bracken, MEGAN-LR, and Sourmash. For 16S rRNA
profiling, 125 short-read lllumina samples were assessed at the genus level against DADA2, Mothur , QIIME 2,
PathoScope 2.0, and Kraken2; 18 long-read ONT samples were tested at the species level against EMU and
LAST.

Results : GAIA 3 outperformed alternative tools across all sequencing methods. In long-read shotgun
metagenomics, it achieved the highest F1 score (0.949), balancing sensitivity and specificity through its
genome coverage module. For 16S rRNA data, GAIA 3 achieved top accuracy for short-read genus-level (F1=
0.787) and long-read species -level (F1= 0.532) classification . NCBI and SILVA databases performed similarly
for short reads, but NCBI gave higher precision for long-read species classification, while SILVA increased
recall at the cost of precision .

Conclusions : GAIA 3 demonstrates state -of-the-art accuracy and versatility across short- and long-read
metagenomics . By minimizing false positives and performing robustly across reference databases, it provides
a reliable, unified solution for high-resolution microbial characterization .
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Figure 1. Averaged classification performance of evaluated methods in terms of Figure 2. Averaged classification performance of evaluated methods in terms of

Fl-score (above) and precision and recall (below) for all long-read samples. precision and recall for all short-read samples.
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Benchmark of GAIA 3

a versatile and accurate pipeline for both
short-/long-read shotgun and amplicon
metagenomics

Jair Dilmé Capd

Powered by \\ SEQUENT'A

DECODE + DISCOVER « DISRUPT

Introduction GAIA3: The Solution

Broad Relevance of Metagenomics ¢ Input-agnostic taxonomic classification platform
« Supports amplicon and shotgun metagenomics

« Compatible with lllumina, ONT and PacBio

Metagenomics enables culture-independent
analysis of complex microbial communities,
providing a powerful way to study biodiversity
directly from sequencing data.

« Detects prokaryotes, eukaryotes and viruses
* Works with NCBI, SILVA and custom databases

r &3

Impact Across Sectors

Widely used across human microbiome research,
environmental, agriculture, food safety and clinical
investigation.

A Complex Analytical Landscape

Different sample types, sequencing platforms and
data make taxonomic profiling highly
heterogeneous.

GAIA 3

From Data to Biological Insight

is critical to
interpretable

Accurate taxonomic classification
obtain robust, comparable and
microbial profiles.

Taxonomy - Alpha diversity - Beta diversity - Report

BENCHMARK VALIDATION: 16S AND LONG READS
16S rRNA amplicon
Framework: Odom et al. 2023 + Zhang et al. 2023
Datasets: 125 short-read 16S | 18 ONT full-length 16S

Long-read shotgun
Framework: Portik et al. 2022.
Datasets: PackBio HiFi & ONT mock communities
Tools: Short-read: Kraken2 - Bracken - Centrifuge -
MetaPhlAn3 - mOTUs2
Long-read: MetaMaps - MECAN-LR - MMseqgs2 - BugSeq
Generalized: Sourmash

Tools: DADA2 - Mothur - QIIME 2 - PathoScope 2.0 -
Kraken2 - EMU : LAST+LCA
GAIA DBs: NCBI-based DB | Curated SILVA DB

PERFORMANCE EVALUATION

16S short reads

16S long reads

Shotgun long reads
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GAIA 3 demonstrates state-of-the-art accuracy and versatility across short- and long-read metagenomics. By minimizing false positives

and performing
characterization.

Benchmark of GAIA 3

robustly across reference databases, it provides a

reliable, unified solution for high-resolution microbial

info@sequentiabiotech.com
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8. GBM2 Expands Functional Interpretation of Microbiome GGutGBrain Pathways in Genomes and
Metagenomes

Albert Garcia-Valiente”, Viviana Rossi', Ismael Vera-Muiioz®, Samia Squizani®, Aitor Blanco-Miguez®*, Francesco Asnicar®,
Sara Vieira-Silva?, Gwen Falony®, Nicola Segata“®, Mireia Vallées-Colomer’

" MELIS Department, Universitat Pompeu Fabra (UPF), Barcelona, Spain; 2 Laboratory of Molecular Bacteriology, Department of Microbiology
and Immunology, Rega Institute, KU Leuven, Leuven, Belgium; ® Department of Cellular, Computational and Integrative Biology (CIBIO),
University of Trento, Trento, Italy;  PreBiomics S.r.l., Italy; ® Host-Microbe Interactomics Group, Animal Sciences Department, Wageningen
University & Research, Wageningen, Netherlands; © European Institute of Oncology, IRCCS, Milan, Italy

Microbial metabolites produced in the gut can modulate neurotransmission, immune responses, and behavior,
highlighting the microbiome as a relevant component of the gutGbrain axis. Despite the growing burden of
mental and neurological disorders, the field still lacks a comprehensive view of microbial neuroactive
metabolism, in part because current methods do not capture many recently described pathways and
compounds and often rely on outdated or proprietary annotation systems .

GBM2 (Gut-Brain Modules 2) is an open-source computational framework for systematic profiling of the
neuroactive metabolic potential . It expands previous approaches by manually curating 187 gut-brain metabolic
modules, each corresponding to a metabolic conversion spanning short-chain fatty acids, tryptophan -,
tyrosine -, arginine -, and glutamate -derived metabolites, as well as bile acid, vitamin, and hormone -related
pathways ..

(): optional

N: roman numbers counting the number of modules with the same metabolite (X) and fate (e.g. Synthesis)
X.x'Yy': neuroactive metabolites

from: implies degradation of input metabolite

and: separates multiple metabolites that participate stoichiometrically in the described reaction

or: separates to an independent reaction that can also be performed by the module

T Degradation

or
X (and x') Synthesis N (from Y (and y')) (Extra_info) (Or New_title)

GBM2 Modules or

Interconversion

version module number
(Dependent on the version)

MGB2.040 GABA Synthesis Il from Glutamate GABA Shunt UniRef90_ID_202502 UniRef90_1D_201906
pcid [119;S:GLU] [33032:D;GLU] #UniRef90_P69910 » UniRef90_P69910
cpd [reaction) UniProt "UniRof90787LP95 » UniRef90_B7LP95
i J
4.1.1.15 <1/1> E.C number/s —-’ Accession 1D >
(stable) co | VY NEDUNERNERUNEEAR
P69910 S
[PubChemID;Z:FFF] PG9911.. " W IGIDIVIKITIE]
. B7LP9S version
Z: D (Degradation) or S (Synthesis) or | UniRef50_ID_202502 UniRef50_ID_201906 compiti
(Interconversion) “AUniRef50_P69910 » UniRef50_P69910
FFF: Functional Group
GBM2 pipeline
GBM2_db B
DB
r:] results .genefamilies
- v, L] ‘ A
Step4 Step 3 Step 2 Step 1 b
= < PY
Stop 2 sopt ) off
module_caller.py
1. Valles-Colomer, M. et al. The neuroactive potential of the human gut microbiota in quality of life and depression. Nat Microbiol 4, 623 6632 (2019)
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9. Detecting Parallel Adaptive Changes in the Gut Microbiome

Aina Martinez i Zurita’, Sharon Greenblum? Nandita Garud’

" University of California, Los Angeles (UCLA), Los Angeles, United States; 2 Joint Genome Institute, Berkeley, United States

The human gut microbiome contains a diverse ecosystem of microorganisms that impact many aspects of
human health . Due to the large population size of bacteria in each human host and their short generation time,
it is estimated that an average human microbiome experiences billions of de-novo mutations every day. With
such a large mutational input, the same mutation may arise in multiple hosts, and if beneficial, could rise to
high frequency in these hosts. Mutations changing in frequency in parallel across many hosts in response to
similar selection pressures may be adaptive and thus have important functional relevance to the microbiome .
Statistical methods to detect such parallelism have proved insightful in metazoan populations, yet
complementary methods that account for the unique features of complex bacterial populations have not yet
been developed or rigorously tested . Here we develop a statistical framework to detect cases of parallelism in
temporally sampled metagenomic datasets across many hosts. We first demonstrate our method is capable of
detecting adaptive loci in a previously identified antibiotic resistance gene, DNA gyrase subunit A (gyrA), using
a temporally sampled metagenomic dataset of 60 patients undergoing a 5-day ciprofloxacin antibiotic
treatment . We further uncover elevated effect sizes across multiple other genomic loci during the antibiotic
exposure and post-exposure in several bacterial species. Our work begins to uncover the dynamics of
adaptive variants that may have been previously missed due to subtle yet consistent allele fraction changes.
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10. From Birth to Brain: Specific Early Microbes and Perinatal Factors Shaping Cognitive
Development . Evidence from a Spanish Child Cohort at Seven Years of Age

Silvia Arboleya’, Nicole Duhau', David Herrero-Morin?, Sonia Gonzdlez® Jorge Luis Arias® Natalia Arias®, Miguel

2

of Spain ;
of ;e :

Background and Aims: The gut microbiome is increasingly recognized as a key regulator of human health,
beginning in early life. Its colonization is a gradual process shaped by perinatal factors such as delivery mode,
feeding practices, gestational age, and antibiotic exposure . The microbiota Shost cross-talk provides essential
stimuli for homeostasis, with both immediate and long-term consequences, making the first 1,000 days a
critical ' P 1- zof @pportunity .k Gut and brain development occur concurrently in this period. Over the last
decade, significant efforts have focused on deciphering the communication between these two organs,
particularly in relation to psychiatric and neurodegenerative disorders, yet the influence of early microbial
colonizers on cognitive development remains poorly understood . This study explores the relationship between
early-life gut microbiome composition, perinatal factors and infant diet, and their impact on cognitive
performance at seven years of age in a cohort of Spanish children .

Methods : A longitudinal cohort of 60 healthy full-term infants from Asturias, Northern Spain, was followed
from birth until seven years of age. Gut microbiota composition and derived metabolites during the first four
years were analysed using 16S rRNA sequencing, gPCR, and gas chromatography . Infant diet, anthropometric
measurements and clinical data were collected prospectively . Cognitive performance at seven years was
assessed using the BAS-1l and ENFEN tools .

Results : Specific early-life gut microbes were associated with later verbal and non-verbal cognitive scores.
Memory and attention outcomes were also correlated with gut microbiome composition . Certain perinatal
factors, particularly infant feeding practices and subsequent dietary patterns, significantly shaped the early
microbiome and indirectly influenced neurodevelopment .

Conclusions : These findings support the concept that early-life microbiome Ggut®brain axis interactions have
lasting effects on cognitive development . Promoting healthy microbial and perinatal environments during
infancy may represent key modifiable factors influencing neurocognitive outcomes .
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