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Abstract 

Metagenomes represent the complete set of genes and genomes present in microbial 

communities, which are directly sequenced from environmental samples to study their 

associated microbiomes. This culture-independent approach, known as metagenomics, has 

dramatically expanded our understanding of microbial diversity, particularly in ecosystems 

beyond the human microbiome, where most species remain uncultured and hence, 

functionally uncharacterized. Although taxonomic profiling based on marker genes such as 

those encoding 16S ribosomal RNA provides valuable insights into bacterial community 

composition, it lacks the resolution to capture intra-genomic variation and cannot reliably 

distinguish closely related strains whose functional differences may be critical for microbial 

activity, host interactions, or ecosystem functioning. 

To address these limitations, gene-centric profiling shifts the focus from taxonomic 

groups to specific gene families with well-defined biological functions, enabling the analysis of 

molecular traits directly linked to microbial activity and phenotype. Nevertheless, 

metagenomic quantification remains methodologically challenging due to both the 

compositional nature of sequencing data and the absence of consensus on standardized 

metrics for estimating gene abundances. While advances in targeted microbial enrichment 

have improved the recovery and sequencing of specific genes and mobile genetic elements 

(MGEs), a unified framework for gene-level quantification across metagenomic datasets 

remains elusive. 

This thesis addresses these challenges by applying a gene-centric strategy to large-

scale metagenomic collections, focusing on gene families involved in microbial metabolism 

and plasmid-mediated horizontal gene transfer (HGT). The central aim is to uncover biologically 

meaningful patterns related to host-associated disease and environmental antibiotic 

resistance, patterns that would be overlooked by taxonomy-based approaches alone. 

The thesis is structured around two distinct applications of this methodology. In Chapter 

I, 554 fecal metagenomes from three independent patient cohorts were analyzed to identify 

functional signatures associated with metabolic dysfunction-associated steatotic liver disease 

(MASLD). Over 50 target gene families involved in the microbial production of butyrate, 
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methane, trimethylamine (TMA), and short-chain alcohols (SCAs) were curated and quantified 

by aligning metagenomic reads against them. In Chapter II, nearly 1000 metagenomes from 

diverse aquatic and terrestrial ecosystems were used to assess plasmid prevalence by de novo 

assembling reads into contigs, predicting open reading frames, and identifying relaxase (RLX) 

and antibiotic-resistance genes (ARGs) using searches based on hidden Markov models. These 

elements were quantified as robust markers of plasmid mobility across biomes. 

Results demonstrate that MASLD is marked by a consistent depletion of genes involved 

in butyrate and methane production, along with an enrichment of TMA- and SCA-producing 

enzymatic genes. These functional shifts reflect a reprogramming of gut microbial (GM) 

metabolism, largely driven by accessory and plasmid-encoded genes. In environmental 

samples, RLXs and ARGs are widespread but exhibit marked lower prevalence in oceanic, 

riverine, and soil ecosystems compared to the human GM and sewage. RLX gene abundance 

was up to two orders of magnitude higher in GM and sewage metagenomes, suggesting an 

elevated potential for HGT through conjugative plasmids in anthropogenically impacted 

biomes. Sewage samples also harbor ARG concentrations up to four times higher than those 

found in natural environments, underscoring their role as major reservoirs of resistance 

dissemination. 

In conclusion, these findings underscore the power of targeted, gene-level 

metagenomic profiling to detect functionally relevant microbial signatures that remain 

undetected by taxonomy-based methods. By combining gene abundance profiling with 

metabolic pathway analysis and MGE tracking, this work provides a cohesive framework to 

elucidate microbial contributions to digestive pathologies and to monitor the spread of 

antibiotic resistance in natural and anthropic environments, by identifying clinically and 

ecologically relevant genetic biomarkers. 
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Resumen 

Los metagenomas representan el conjunto de genes y genomas presentes en las 

comunidades microbianas, y pueden secuenciarse directamente a partir de muestras 

ambientales para estudiar sus microbiomas asociados. Esta tecnología independiente de 

cultivo, denominada metagenómica, ha ampliado en gran medida nuestro conocimiento sobre 

la diversidad microbiana, especialmente en ecosistemas distintos al microbioma humano, 

donde la mayoría de las especies no han sido cultivadas ni estudiadas funcionalmente. 

Aunque la caracterización taxonómica basada en genes marcadores como el gen codificante 

del RNA ribosomal 16S proporciona información clave sobre la composición de una 

comunidad bacteriana, carece de la resolución necesaria para detectar variaciones intra-

genómicas, y por tanto no permite distinguir cepas estrechamente relacionadas, cuyas 

diferencias funcionales pueden ser determinantes para su actividad, su interacción con el 

hospedador o para el funcionamiento del ecosistema. 

Para superar estas limitaciones, el análisis geno-céntrico cambia el enfoque en los 

grupos taxonómicos hacia familias génicas específicas con funciones biológicas bien 

definidas, lo que permite estudiar rasgos moleculares directamente vinculados con la 

actividad microbiana y el fenotipo. No obstante, la cuantificación en metagenómica sigue 

siendo un reto metodológico debido tanto a la naturaleza composicional de los datos de 

secuenciación como a la falta de consenso sobre métricas estandarizadas para estimar la 

abundancia génica. Si bien los avances en estrategias de enriquecimiento microbiano dirigido 

han mejorado la recuperación y secuenciación de genes específicos y elementos genéticos 

móviles (MGEs), todavía no se dispone de un marco unificado para su cuantificación a gran 

escala. 

Esta tesis aborda dichos desafíos mediante una estrategia geno-céntrica aplicada a 

amplios conjuntos de datos metagenómicos, centrándose en familias génicas implicadas en 

el metabolismo microbiano y en la transferencia horizontal de genes (HGT) mediada por 

plásmidos. El objetivo central es identificar patrones biológicamente relevantes relacionados 

con enfermedades humanas y con la resistencia ambiental a antibióticos, señales que 

pasarían desapercibidas usando enfoques puramente metataxonómicos. 
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La tesis se estructura en dos aplicaciones distintas de esta metodología. En el Capítulo 

I se analizaron 554 metagenomas fecales de tres cohortes independientes de pacientes con el 

objetivo de identificar señales funcionales ligadas a la enfermedad hepática metabólica 

(MASLD). Más de 50 familias génicas involucradas en la producción microbiana de butirato, 

metano, trimetilamina (TMA) y alcoholes de cadena corta (SCAs) fueron seleccionadas y 

cuantificadas mediante el alineamiento de lecturas metagenómicas. En el Capítulo II se 

utilizaron cerca de 1000 metagenomas procedentes de diversos ecosistemas acuáticos y 

terrestres para evaluar la prevalencia de plásmidos mediante el ensamblaje de novo de 

lecturas en contigs, la predicción de marcos de lectura abiertos, y la identificación de genes 

codificantes de relaxasas (RLXs) y de resistencia a anbióticos (ARGs) mediante búsquedas 

basadas en modelos ocultos de Markov. Estos elementos fueron cuantificados como 

marcadores robustos de movilidad plasmídica a través de distintos biomas. 

Los resultados muestran que MASLD se caracteriza por una disminución consistente de 

genes implicados en la producción de butirato y metano, y por un aumento de genes 

enzimáticos productores de TMA y SCAs. Estos cambios funcionales reflejan una 

reprogramación del metabolismo del microbioma intestinal (GM), determinada en gran 

medida por genes accesorios y codificados en plásmidos. En muestras ambientales, los genes 

codificantes de RLXs y los ARGs están ampliamente distribuidos, pero presentan una 

prevalencia mucho menor en ecosistemas oceánicos, fluviales y edáficos en comparación con 

el GM y las aguas residuales. La abundancia de genes RLX fue hasta dos órdenes de magnitud 

mayor en el GM y aguas residuales, lo que sugiere un mayor potencial de HGT mediada por 

plásmidos conjugativos en biomas antropizados. Asimismo, las aguas residuales albergan 

concentraciones de ARGs hasta cuatro veces superiores a las de los ambientes naturales, 

subrayando su papel como reservorios clave en la diseminación de resistencias. 

En conjunto, estos hallazgos subrayan el poder del análisis metagenómico dirigido a 

nivel génico para detectar señales funcionales relevantes que escapan a los métodos basados 

en taxonomía. Integrando la abundancia génica con el análisis de rutas metabólicas y la 

detección de MGEs, esta tesis doctoral establece un marco unificado para comprender el 

papel microbiano en enfermedades digestivas, monitorizar la propagación de resistencias en 

entornos naturales y antropizados, e identificar biomarcadores genéticos con relevancia 

clínica y ecológica.  
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1. Metagenomics in microbial ecology 
In 1998, the term metagenome was first introduced to describe “the collective genomes 

and the biosynthetic machinery of soil microflora”1. In this pioneering study, Handelsman and 

colleagues isolated and cloned DNA directly from a soil sample, allowing them to access the 

genetic content of uncultured microorganisms. This approach marked the first time the 

metagenome was treated as a distinct genomic unit, enabling the exploration of microbial 

diversity beyond cultured species. By directly extracting genetic material from environmental 

samples, it provided new insights into microbial ecology and biological functions, laying the 

foundation for modern metagenomic research. Over 25 years later, the term metagenome 

continues to refer to the collection of genomes and genes from a microbial community2,3. 

Many microorganisms cannot be cultured under standard laboratory conditions due to 

several factors that prevent their isolation and genomic analysis. In some cases, this is due to 

their reliance on complex metabolic interactions within native communities, where they 

function as interconnected networks of cells exchanging nutrients and biochemical functions4. 

Other reasons include the difficulty in identifying the specific growth conditions or substrates 

required for many microorganisms, as they depend on unique environmental or growth factors 

that are challenging to replicate in the lab5. Additionally, microbial populations can include 

dormant persister cells that survive in low-nutrient conditions, such as those found in the deep 

biosphere, where microbial activity occurs at much slower rates than at surface levels6. 

Moreover, DNA can remain in the environment even after cell death, meaning that sequencing 

data may not always reflect the active microbial population7. 

These limitations have traditionally hindered our understanding of the microbial world, 

despite its crucial role in the maintenance of ecosystems and direct effects on human health8. 

Metagenomics offers a significant advantage over traditional culture-based methods by 

enabling the study of these uncultured microorganisms, which represent a large and often 

overlooked portion of microbial diversity9,10. Recent work based on universal single-copy genes 

(USCG) shows that the majority of bacterial sequences detected in environmental samples 

belong to from phylogenetically novel, uncultured groups, with human-associated 

environments being a notable exception. In contrast, most biomes, such as terrestrial and 

aquatic habitats, are dominated by yet-uncultured genera10 (Figure I-1). 
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Furthermore, metagenomics provides rapid and direct genomic analysis, allowing the 

identification of low-abundance genomes within a community11 and preserving the original 

structure of bacterial populations by integrating taxonomic profiles with metabolic functions. 

This approach can reveal patterns related to microbial-driven human diseases12,13 and has the 

potential to generate vast gene and genome databases, enhancing our understanding of 

bacterial functional ecology and metabolism14. Additionally, it sheds light on community 

interactions in the environment such as symbiosis, competition, and pathogenicity15. 

 

Figure I-1: Distribution of cultured bacterial genera across different biomes. 

Horizontal barplot showing the number of bacterial OTUs detected in metagenomic samples from 
various environments (y-axis, with the number of samples in parentheses). OTUs are defined by USCG 
alanyl-tRNA synthetase sequences from genomes and metagenomes. Bars are stacked to reflect the 
genomic context of each OTU: red (includes cultured isolates), light blue (includes IMG/M MAGs, but no 
isolates), dark blue (includes only NCBI MAGs), and grey (includes only metagenome-derived genes, 
but no genomes). The x-axis indicates the total number of OTUs at genus-level. OTU: operational 
taxonomic unit. IMG: Integrated Microbial Genomes database. MAG: metagenome-assembled genome. 
Figure adapted from Wu et al.10. 
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The microbiome is defined as the collection of microorganisms present in an environment, 

along with their “theatre of activity”, which includes structural elements, metabolites, signal 

molecules, and the surrounding environmental conditions3. From a Molecular Biology 

perspective, its most relevant component is the metagenome of the underlying microbial 

community. There are two main approaches to studying a microbiome: metataxonomics and 

metagenomics.  

Metataxonomics focuses on sequencing specific marker genes, such as the ribosomal RNA 

(rRNA) gene, which contain both conserved and variable regions that enable the classification 

of microbial communities and the profiling of their diversity. In contrast, metagenomics 

involves sequencing the metagenome of a sample, followed by assembly- or reference-based 

profiling and annotation to determine both the taxonomic composition and the functional 

potential of microbial communities, as well as to reconstruct whole-genome sequences.  

These strategies are illustrated in Figures I-2 and I-3, respectively. Section I-2 reviews 

metataxonomic approaches, while Section I-3 focuses on metagenomic workflows. Section I-

4 introduces targeted microbial enrichment strategies, which selectively enrich DNA prior to 

sequencing to enhance the detection and resolution of specific genes, organisms, or functions, 

representing an intermediate approach between metataxonomics and metagenomics. Finally, 

Section I-5 discusses quantitative metagenomics, highlighting the challenges that complicate 

accurate gene abundance measurements in metagenomes. 

2. Metataxonomics 
The main advantage of metataxonomics is its cost-effectiveness, requiring the sequencing 

of a single gene to identify a broad range of organisms across diverse environments. The most 

commonly used markers in metataxonomics are rRNA gene sequences, such as the 16S rRNA 

gene for bacteria, the 18S rRNA gene for eukaryotes (e.g. protists), and the internal transcribed 

spacer regions of the fungal ribosome for fungi. Other markers, such as the 23S rRNA gene, are 

used when the 16S rRNA gene’s resolution is insufficient for certain bacterial groups16. 

Additional markers, like ribulose-bisphosphate carboxylase large chain for photosynthetic 

organisms17 or cytochrome c oxidase I for metazoans18 help profiling organisms in specific 

ecosystems.  
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These markers are ideal for phylogenetic profiling due to their universal presence across 

populations, hypervariable regions for species differentiation, and conserved flanking regions 

amenable for amplification with universal primers. Another key benefit of rRNA analysis is the 

availability of extensive reference databases, such as SILVA19 or Greengenes20 -the latter 

including around 20 million 16S rRNA sequences at the time of writing-, which provide 

taxonomic information for each reference. In contrast, the RefSeq collection21 contains less 

than half a million genome assemblies from Bacteria and Archaea, making specific rRNA gene 

databases more comprehensive for taxonomic classification than reference genome 

collections. 

However, metataxonomics has notable limitations, paradoxically stemming from its main 

strength: targeting only specific genomic regions. First, this approach requires prior knowledge 

of the target gene or region. Because it typically focuses on a single marker gene, such as the 

16S rRNA gene, it may misclassify two genetically distinct organisms that share identical 

sequences at the targeted locus. This limitation reflects the 16S rRNA gene's inability to capture 

intra-genomic heterogeneity, preventing it from distinguishing closely related strains with 

significant genetic differences in other genomic regions, such as those encoded on the 

extrachromosomal genome. Additionally, primer selection for 16S rRNA gene sequencing 

involves a trade-off between accurate taxonomic classification and abundance estimation, 

and minimizing host genome amplification, especially in low-biomass samples22. For example, 

primers targeting regions like V4 may lack sufficient sequence variation to distinguish between 

closely related species within a genus, such as Lactobacillus acidophilus and Lactobacillus 

crispatus, leading to both misclassification and overestimation of species abundances23.  

Another key limitation is the variability in 16S rRNA gene copy number across bacterial taxa. 

While some phyla carry a single copy, others such as some Firmicutes and 

Gammaproteobacteria possess multiple, sequence-divergent copies24. Polymerase chain 

reaction (PCR) amplification further introduces biases by preferentially amplifying certain taxa 

due to mismatches between “universal” primers and target sequences, as well as differences 

in amplification efficiency25. Together, these factors distort both diversity and abundance 

estimates, inflating representation for some clades and obscuring the true community 

composition. Moreover, the taxonomic resolution in metataxonomics may be limited when 

using short-read libraries. Long-read sequencing has demonstrated that full-length 16S rRNA 
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gene sequencing -approximately 1500 base pairs (bp)- offers higher resolution than targeting 

variable regions alone. Frequently used regions like V4 often lack sufficient variation to 

distinguish closely related species, reducing taxonomic accuracy26.  

The most widely used metataxonomic profilers for 16S rRNA sequencing data are DADA227 

and QIIME28. However, these tools often face limitations in accurately resolving taxonomy at the 

genus and species levels and have sometimes been outperformed by metagenomic profilers29. 

Although 16S rRNA data can be used for indirect functional inference through tools like 

PICRUSt230, the accuracy of these predictions is constrained31. Additionally, the lack of strain-

level resolution and dependence on incomplete reference databases further complicate 

functional annotations, often obscuring subtle but meaningful shifts in community function 

due to background noise32. 

 

Figure I-2: Metataxonomics protocol for microbiome analysis using the 16S rRNA gene.  

The process begins with the extraction of bacterial DNA from the biological sample, ensuring cell 
integrity is preserved. The 16S rRNA gene is then amplified via PCR with primers targeting conserved 
regions flanking hypervariable regions (e.g., V3, V4, V6, V8), which provide taxonomic resolution. The 
amplified 16S rRNA gene fragments are sequenced, and the resulting data undergo rigorous quality 
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control to remove low-quality reads, adapters, contaminants, and chimeric sequences. High-quality 
reads are clustered into operational taxonomic units based on similarity thresholds, which are 
taxonomically classified using reference databases. Finally, the relative abundance of microbial taxa is 
estimated to characterize the composition of the microbial community. Figure adapted from Ortiz-
Estrada et al.33. 

3. Metagenomics 

A) Levels of metagenomic analysis 

Metagenomic data can be analyzed at three levels: reads, contigs and metagenome-

assembled genomes (MAGs), each providing complementary insights into the composition and 

function of a microbial community (Figure I-3).  

The first level consists of raw sequencing reads, which are DNA fragments directly 

generated by high-throughput sequencing platforms. Second-generation sequencers, primarily 

represented by Illumina technology, typically produce millions of short, highly-accurate reads 

of 100-300 bp. In contrast, third-generation platforms such as Oxford Nanopore and PacBio 

generate much longer reads -ranging from a few to tens of kilobases- but at the cost of lower 

throughput and higher base-calling error rates (between 5 and 15%)34.  

Short reads can be used for taxonomic profiling by mapping against reference 

databases. Tools like Kraken35 and MetaPhlAn36 are commonly applied to identify the presence 

and abundance of microbial taxa present in a metagenome. However, short-read data often 

provides limited taxonomic resolution, especially when differentiating closely related species 

or strains37. In contrast, long reads can resolve complex genomic regions that are difficult to 

reconstruct with short reads alone, including repetitive elements38 or complete microbial gene 

clusters39. Long-read metagenomics is particularly valuable for characterizing novel or 

underrepresented taxa, closing gaps in genome assembly and resolving structural variants38. 

Despite these advantages, long reads still face challenges in distinguishing highly similar 

genomes40. Moreover, long-read datasets often require hybrid approaches, combining long and 

short reads, to balance sequence accuracy with assembly contiguity41. 

Short reads are also valuable for functional profiling, where the presence of specific 

genes or metabolic pathways is inferred directly through read mapping to functional databases, 

such as Pfam42, KEGG43 or MetaCyc44, or indirectly using predictive tools like HUMAnN45. 
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Figure I-3: Metagenomics protocol for microbiome analysis. 

The process begins with the collection of biological samples and extraction of total DNA, ensuring 
minimal degradation and efficient lysis of microbial cells. The extracted DNA is then sequenced, 
producing short reads that undergo quality control to remove adapters, low-quality reads, and non-
target DNA (e.g. host or eukaryotic DNA) to minimize sequence biases. High-quality reads are de novo 
assembled into contigs, which are subsequently grouped into MAGs through binning methods based on 
sequence composition and coverage patterns. Finally, MAGs are subjected to taxonomic and functional 
annotation to characterize the microbial community composition and its potential metabolic 
capabilities. Figure adapted from Yang et al.46. 
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Reads can be assembled into longer, contiguous sequences (contigs) using 

computational tools that align overlapping reads to reconstruct larger fragments of the 

genome. This process is usually performed de novo (i.e., without a reference), although modern 

implementations are emerging to perform reference-guided assemblies47. Tools like MEGAHIT48 

and metaSPAdes49 are designed specifically for metagenomic assembly and can handle the 

complexity of mixed microbial communities. Contigs are fundamental to deconvolute 

microbial communities because they provide longer and more informative genomic sequences 

that can potentially represent complete genes or regions of microbial genomes. At this stage, 

open reading frame (ORF) prediction can be performed to identify genes within the assembled 

contigs. MetaProdigal50 is the most widely used tool for ORF prediction in metagenomic data, 

providing the corresponding amino acid sequences. These predicted ORFs can be further 

clustered to identify novel protein families or functions using tools like CD-hit51 or MMseqs52. 

While contigs provide more resolution than individual reads, they are still fragmented and may 

not represent complete genomes. 

The third level of analysis involves reconstructing MAGs, which are composite genomes 

of individual microorganisms recovered from metagenomes. The key step in this process is a 

binning protocol, where assembled contigs are grouped based on features such as sequence 

composition (e.g. GC content or tetranucleotide frequency) and similar abundance patterns 

(i.e., coverage across samples)53. Tools such as CONCOCT54, MetaBAT55 and MetaBinner56 are 

commonly used for this task. MAGs quality can vary depending on factors like sequencing 

depth, assembly fragmentation, and binning accuracy. Quality metrics such as completeness 

and contamination are typically assessed using tools like CheckM57. High-quality MAGs (i.e., 

>90% completeness, <5% contamination)58 are usually annotated for gene content and 

metabolic potential, using tools such as PROKKA59 or eggNOG-mapper60, enabling deeper 

insight into the functional roles of individual taxa within the community.  

MAGs also provide higher taxonomic resolution, even at the species or strain level61, and 

can be placed within the microbial tree of life and integrated with reference genome 

phylogenies62. MAGs are particularly valuable for capturing rare or uncultured microorganisms 

that may be underrepresented in reference databases63. Notably, the term MAG is sometimes 

used interchangeably with single-amplified genomes, although they are derived differently: 
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MAGs result from the assembly and binning of metagenomic data from microbial communities, 

while single-amplified genomes are obtained from the sequencing of isolated single cells64. 

Together, reads, contigs, and MAGs offer a multi-dimensional overview of the 

metagenome. Importantly, reads and contigs allow for quantitative analysis of taxonomic and 

functional abundance, while MAGs primarily allow qualitative characterization of 

microbiomes, offering a genome-centric view of microbial diversity and function. 

B) Taxonomic profiling from reads 

Taxonomic profiling from metagenomic reads aims to identify the microbial taxa present 

in a microbiome and quantify their relative abundances. Kraken35 is a taxonomic classifier that 

assigns labels to sequencing reads by mapping their k-mers to a reference database of known 

genomes, classifying each read based on the majority of its k-mers. When a k-mer is found in 

two or more taxa, Kraken assigns it to their lowest-common ancestor, generating taxon-specific 

read bins and enabling abundance estimates based on read counts. In contrast, MetaPhlAn36 

is a taxonomic profiler that does not classify individual reads, but instead aligns them against 

a curated database of approximately 5 million clade-specific marker genes, which are unique 

to specific microbial lineages and enable accurate estimation of taxonomic composition in 

metagenomes65 . This marker-based strategy reduces biases from shared genomic regions and 

improves resolution at specific taxonomic levels, although it depends on the predefined set of 

genes66. Other taxonomic classifiers include Kaiju67, which aligns translated reads against a 

reference protein database, or Centrifuge68, which efficiently classifies reads against 

compressed genome databases. 

C) Metagenomic assembly and ORF prediction 

Metagenomic sequencing involves extracting DNA from all cells in a microbial 

community, randomly fragmenting it, and sequencing the resulting short reads. Since long-

range genomic information is lost during metagenomic library preparation, reconstructing 

genes and genomes from the sample requires inferring this information from the short reads. 

This is achieved through de novo assembly, which overlaps reads through a sliding window to 

construct a de Bruijn graph. In this graph, nodes represent k-mers (substrings of length k), and 

edges denote overlaps between them. The assembler then resolves this graph by traversing the 

nodes in the correct order, starting and ending at the same node, and connecting them through 
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edges if the (k-1)-length suffix of one node is also a prefix of the next. This process results in 

non-branching paths that represent contigs. However, sequencing errors can lead to the 

formation of erroneous k-mer singletons -isolated reads that fail to assemble into contigs- or 

generate bubbles and hairs in the graph, leading to premature stops and paths with erroneous 

k-mers69 (Figure I-4). 

 

Figure I-4: Overview of de novo assembly algorithm.  

The process begins with k-mer analysis, where sequencing reads are decomposed into overlapping 
substrings of length k. These k-mers form the nodes of the graph, and edges represent shared (k–1)-
length overlaps. A de Bruijn graph is then constructed and traversed, merging bubbles and removing 
hairs caused by sequencing errors or polymorphisms. Iterative graph pruning simplifies the structure by 
eliminating low-support paths. Reads are aligned back to the assembled contigs to refine connections, 
and local reassembly is performed to resolve ambiguities. Extended (k+s)-mers are then extracted from 
contigs to increase resolution, where s is an incremental value. The graph is rebuilt with progressively 
larger k values to improve assembly quality and contiguity. Figure adapted from Georgeanas et al.70. 
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The size of the k-mers is a crucial parameter in graph-based assembly. Smaller k-mers 

increase graph connectivity, which can aid in resolving low-coverage regions and filtering 

erroneous edges. However, they can complicate the assembly of repetitive genomic regions, 

as multiple edges lead to the same k-mer, creating many bubbles, and requiring more edges to 

be traversed to complete the graph. Additionally, if repeats are longer than the chosen k-mer 

size, they can tangle the graph and break the contigs into shorter fragments. On the other hand, 

larger k-mers reduce graph complexity and improve repeat resolution, but they may cause 

fragmentation due to missing overlaps and increased susceptibility to sequencing errors71. To 

address these challenges, modern assemblers, like metaSPAdes49 and MEGAHIT48, use 

iterative or multi k-mer approaches that balance the advantages and limitations of different k-

mer sizes, enhancing assembly quality and robustness (Figure I-4). 

A key limitation of de novo metagenomic assembly is the formation of chimeric contigs, 

which occur when sequences from different genomes are incorrectly joined into a single contig, 

often due to shared, similar regions. This misassembly is more likely in complex communities, 

where short reads from multiple species can be difficult to distinguish. Additionally, a 

proportion of reads -especially those from low-abundance organisms- often remain 

unassembled71. The overall performance of assembly depends on both the number of 

sequences and the complexity of the microbiome (species richness and evenness). Highly 

diverse environments, such as soil microbiomes, are particularly challenging, frequently 

resulting in more numerous and shorter contigs, and higher rates of chimerism72. 

 Identifying ORFs in metagenomic contigs is a key step in understanding the functional 

potential of microbial communities. However, metagenomic contigs are often fragmented, 

smaller than average genes, and may lack full-length genes, which makes ORF prediction more 

challenging73. These short, incomplete and unidentified coding sequences complicate gene 

identification, especially when determining translation initiation sites. In prokaryotes, 

translation initiation is typically regulated by a ribosome binding site with a Shine-Dalgarno 

consensus located in the 5' untranslated region. However, about one-third of prokaryotic 

genomes in the RefSeq dataset lack this sequence or have not been annotated for it74, many 

employing alternative mechanisms for translation initiation, such as leaderless translation, 

where the 5' untranslated region is absent75. These complexities require specialized methods 

to accurately identify ORFs and translation initiation sites in metagenomes. Additionally, errors 
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may arise from incorrect assumptions on the genetic code or the presence of alternative 

genetic codes. 

The high diversity of metagenomic data, coupled with the presence of incomplete or 

short genes, requires the use of specialized computational tools for ORF prediction. Traditional 

gene prediction methods often struggle with metagenomic sequences due to incomplete gene 

structures and variability in gene content across different species. To address these 

challenges, advanced metagenomic ORF predictors such as MetaProdigal50 or 

MetaGeneMark74 incorporate techniques to infer ribosome binding site sequences and 

promoter regions based on GC content, and they can handle alternative genetic codes. 

Additionally, filtering mechanisms based on confidence scores improve prediction accuracy, 

providing a clearer understanding of microbial functions and their metabolic capabilities in 

diverse environments. 

D) Integrated pipelines for whole-metagenome analysis 

There are two widely used automated pipelines that enable the complete analysis of a 

metagenome, integrating all steps needed to quantify both the taxonomic composition and 

metabolic potential of a microbial community, such as read quality control, de novo assembly, 

gene prediction, taxonomic and functional annotation, and MAG recovery through binning. 

These two workflows are HUMAnN45 and SqueezeMeta76, which differ primarily in their 

operational level: HUManN analyzes unassembled reads, while SqueezeMeta works at the 

contig level. 

Briefly, HUMAnN begins by profiling the taxonomy of the metagenome using 

MetaPhlAn36, as described in Section I-3B. Then, it constructs a sample-specific gene database 

by merging precomputed, functionally annotated pangenomes of the identified species. Reads 

are subsequently aligned at the nucleotide level against this database using Bowtie77, while 

unmapped reads are aligned in the translated space against the non-redundant protein 

database UniRef78 using DIAMOND79. HUMAnN estimates gene family abundances by 

weighting read mappings based on alignment quality, gene length and gene coverage, both per 

organism and at the community level. Finally, it reconstructs and quantifies metabolic 

pathways by mapping gene families to enzyme functions and metabolic reactions through their 

Enzyme Commission (EC) number in MetaCyc44 (Figure I-5). 



   

35 
 

 

Figure I-5: HUMAnN workflow overview. 

Metagenomic reads are taxonomically profiled with MetaPhlan to identify species present in the 
community. A database with the annotated proteins of these species is constructed. Reads are first 
aligned against species-specific functional pangenomes, and those that remain unclassified are 
translated and aligned against Uniref. Finally, gene family and pathway abundances are computed, 
stratified by species and at the community level. RPK: reads per kilobase. Figure adapted from Franzosa 
et al.45. 

SqueezeMeta, in contrast, supports the co-assembly of related metagenomes. It uses 

MetaProdigal50 to predict ORFs on assembled contigs, and annotates them through an 

alignment against functional databases using DIAMOND79. Specifically, DIAMOND predicts 

protein families by searching against the KEGG43 and eggNOG80 databases to assign ORFs to 

KEGG Orthology (KO) groups and clusters of orthologous genes, respectively. Gene 

abundances are quantified by mapping reads back to contigs, extracting the number of reads 

and aligned base pairs that map to each gene and contig. The pipeline then computes the 

average contig coverage, normalizing the relative gene abundances using the reads per 

kilobase per million reads (RPKM) method81. MAGs are then identified through binning, which 

benefits from co-assembly by exploiting shared abundance patterns and nucleotide 

composition across samples, since contigs from the same MAG share sequence features and 

tend to co-vary in abundance along the samples. A key advantage of SqueezeMeta is its ability 

to detect low-abundance genes by generating a shared contig reference set across samples, 

enabling the recruitment of reads to genes that would otherwise fail to assemble in individual 

metagenomes due to low coverage76. Additionally, this pipeline supports downstream 

visualization and metabolic pathway reconstruction using KO groups82.  

It is also worth mentioning the software Anvi’o83, an open-source, community-driven 

platform that integrates a broad range of metagenomic analysis tools into a unified, modular 

environment with a strong emphasis on visual exploration. In addition to standard 

metagenomic analyses, its interactive interface supports manual exploration, allowing the 

import and refinement of contigs, genome bins and gene clusters. Unlike SqueezeMeta or 

HUMAnN, Anvi’o is less automated, but it is specifically designed for interactive, exploratory 
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workflows, offering visual inspection capabilities that enable in-depth analysis through rich 

graphical displays. 

E) Advantages and limitations 

Metagenomics overcomes the limitations of metataxonomics by sequencing the entire 

DNA content of a microbial community, rather than relying on a single marker gene such as the 

16S rRNA gene. This enables the accurate detection of both well-characterized and novel 

organisms, as it captures genetic diversity across the whole genome. By examining the full 

genetic repertoire, metagenomics can distinguish between closely related strains and identify 

intra-genomic variations that are overlooked in 16S rRNA sequencing, including those found in 

mobile genetic elements (MGEs). This comprehensive approach allows for a more precise 

characterization of microbial communities, including the identification of rare or previously 

undetected taxa, as well as a deeper understanding of their functional potential. Importantly, 

this ability to identify novel species and strain-level diversity makes metagenomics an 

invaluable tool in environmental microbiology, clinical research, and biotechnological 

applications. 

One of the major strengths of metagenomics is its ability to generate extensive catalogs 

of microbial gene and genomes, providing valuable insights into the functional and taxonomic 

diversity for microbial communities across diverse environments. These catalogs have been 

developed for the human gut microbiome (GM)84,85, mouse86, ruminant87, and domestic animal 

GMs88,89, oceans90,91, cold seeps92 and soils93 (Figure I-6). They serve as essential resources for 

understanding the genetic potential of microorganisms, often including genes and genomes 

from previously unculturable organisms. By capturing the vast genetic diversity of microbial 

ecosystems, these catalogs greatly enhance our understanding of global biogeochemical 

cycles, microbial functions, and the potential applications of microbial diversity across various 

fields, such as health, agriculture and biotechnology. 
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B) 

Biome Number of genes Number of genomes Reference 

Human GM 170,602,708 204,938 84,85 

Mouse GM 4,600,000 1,296 86 

Ruminant GM 154,335,274 10,373 87 

Pig GM 17,237,052 6,339 88 

Chicken GM 16,565,684 12,339 89 

Ocean 56,600,000 34,799 90,91 

Cold seep 147,289,169 3,164 92 

Soil Unknown 40,039 93 

Figure I-6: Genomic catalogues from metagenomic studies. 

(A) Global distribution of MAGs recovered from metagenomic samples, grouped by biome based on 
environmental metadata. Each point represents a sampling location associated with one or more 
MAGs. Only MAGs with >50% completeness and <5% contamination were included. Figure adapted 
from Nayfach et al.94. (B) Summary table of metagenomic gene and genome catalogs from some of the 
environments represented in (A), including host-associated microbiomes and natural ecosystems. 

A) 
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Although most metagenomic studies are cross-sectional, the increasing number of 

longitudinal studies provides key advantages. These include the ability to distinguish inter- from 

intra-individual variability and to monitor microbiome changes over time. Longitudinal 

metagenomics enable the investigation of microbiome stability and dynamics, such as 

fluctuations in population sizes, within-host variation of GM metabolites, and evolutionary 

processes such as strain-level selection95,96. They also reveal consistent shifts in microbial 

communities, such as increases in facultative anaerobes and decreases in obligate anaerobes 

in inflammatory bowel disease97, and capture disease-associated disruptions in microbial 

gene expression, metabolite profiles, and host immune responses97,98. 

While metagenomics is a powerful tool for studying microbiomes, it faces several 

important limitations. Reference-based approaches rely heavily on the completeness and 

quality of microbial databases, which are often insufficient for poorly characterized 

environments. This limits confident assignment of reads and adds uncertainty due to sparse 

and inconsistent functional annotations that may misrepresent community capabilities37. In 

addition, genome catalogues are biased towards model organisms and human pathogens, and 

this bias extends to metagenomic tools that rely on these catalogues. Many microbial genes 

also lack validated functional annotations, further limiting interpretability of alignments 

against gene families where only a few sequences are biochemically characterized, with the 

rest inferred by similarity99. 

Short-read sequencing further complicates analysis by losing the positional and 

genomic context of reads, requiring computationally intensive assembly to reconstruct 

genomes. Although taxonomic and functional profiles can be assigned directly from 

unassembled reads45, this approach faces two major drawbacks: the high computational cost 

of aligning millions of reads against large reference databases41, and the limited accuracy of 

short reads for precise assignment100. Assembly-based methods address the limitations of 

read length but demand substantial computational resources to process and store both raw 

and assembled data71. 

Compared to metataxonomics, metagenomics involves higher costs, and remains 

sensitive to technical variability introduced during sample collection101, storage102,103, DNA 

extraction102, and library preparation104,105, all of which can affect both taxonomic and 

functional profiles. Sequencing biases, including GC content distortion106, platform-specific 
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error rates105, and PCR amplification artifacts, further compromise data quality. Biological and 

technical confounders, such as host DNA contamination, batch effects, and small sample 

sizes can obscure meaningful associations with phenotypes107.  

Other approaches to study a microbiome are also worth briefly acknowledging. These 

include metatranscriptomics, which analyzes gene expression in microbiomes through high-

throughput sequencing of meta-cDNAs; metaproteomics, which profiles the proteome using 

liquid chromatography coupled with mass spectrometry for peptide identification; and 

metabolomics, which characterizes metabolite profiles using techniques such as nuclear 

magnetic resonance spectroscopy or mass spectrometry linked to liquid chromatography. 

4. Targeted microbial enrichment strategies 
 Targeted microbial enrichment strategies enable the selective capture and sequencing 

of specific genetic elements such as antibiotic resistance genes (ARGs), MGEs or even 

complete viral genomes. Instead of sequencing all DNA present in a sample, these approaches 

perform targeted sequencing, allowing for a deep profiling of low-abundance or predefined 

targets, and enhancing detection and characterization without the need for cost-prohibitive, 

complete metagenomic sequencing. 

 Multiple displacement amplification is a method used to enrich microbial DNA from 

low-biomass samples prior to high-throughput sequencing. It uses Phi29 DNA polymerase, 

which has high processivity and proofreading activity, to amplify DNA with minimal 

fragmentation and generate long products (>10 kilobases). This increases total DNA yield and 

enables whole-genome amplification from isolated cells or scarce samples, making them 

accessible to metagenomic workflows108. This technique has been widely applied in contexts 

such as single-cell genomics, virome studies109, and low-biomass environments like 

groundwater108. Despite its utility, it introduces biases such as under-amplification of high-GC 

regions, over-amplification of small circular genomes, chimera formation -mainly through 

inversions64-, and uneven coverage109. These biases can affect taxonomic profiles and 

assemblies, particularly at low DNA input. 

 Multiplex PCR-based sequencing extends conventional metataxonomic approaches 

by enabling the simultaneous amplification of numerous target genes in a single reaction. One 

early application targeted the 16S rRNA V1-V2 regions using forward primers concatenated with 
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sequencing adapters and unique barcodes, allowing multiplexing of up to 16 clinical 

specimens per run. Applied to sputum samples from cystic fibrosis patients, this method 

revealed low-abundance pathogens undetectable by culture and achieved species-level 

resolution through deep sequencing110. In another example, a panel of over 540 primer pairs 

was used to detect nearly 50 viral hemorrhagic fever agents directly from clinical material, 

providing rapid and sensitive diagnosis111. More recently, multiplex PCR targeting genome 

fragments of common meningitis pathogens was paired with Oxford Nanopore sequencing to 

characterize associated ARGs112.  

 Tiled-PCR amplification, a related method, uses a large number of overlapping primers 

to cover the entire genome of a target organism. This strategy ensures comprehensive coverage 

and supports accurate genome reconstruction, even in regions affected by mutations or low 

sequencing depth. Tiled-PCR is widely used for whole-genome sequencing of viruses from both 

environmental113 and clinical114 samples. Like all PCR-based methods, both multiplex and tiled-

PCR approaches are limited by amplification biases and the precision of primer design, which 

can lead to uneven representation of targets due to mismatches or variable efficiency. 

Moreover, both approaches require prior sequence knowledge to guide primer development. 

Genetic bait-capture platforms, by contrast, enrich target DNA by using custom-

designed nucleic acid probes that hybridize to specific genetic regions, such as ARGs or MGEs, 

within a metagenome (Figure I-7A). These methods do not rely on PCR, reducing amplification 

bias and allowing greater tolerance to sequence variation. One of the first demonstrations of 

this technique used an array of 385,000 probes to reveal horizontal gene transfer (HGT) 

phenomena from a bacteriophage coinfection in a mixture of host, bacterial, and viral DNA115. 

The MEGaRICH platform, for example, enriched low-abundance resistome and virome 

components from fecal and wastewater-derived microbiomes, achieving more than a 100-fold 

increase in ARG-associated reads116. Similarly, the ResCap platform targets ARGs and MGE-

encoding genes, significantly enhancing their detection and diversity compared to 

metagenomic sequencing117. Using this system, the authors achieved a 279-fold increase in the 

proportion of reads mapping to ARGs. ResCap has also been applied to environmental 

samples, revealing resistome dynamics in soil118. A yet-unpublished study has developed a 

different platform composed of 263,111 unique probes to enrich and analyze 14 key metabolic 

genes involved in nitrogen and methane cycling119.  
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 Upstream cell sorting-based enrichment complements genetic bait-capture platforms 

by physically isolating target bacterial cells prior to sequencing (Figure I-7B). One early method 

integrated single-cell sorting with whole-genome amplification and fosmid library construction 

to recover light-harvesting genes from novel marine Synechococcus genomes120. A subsequent 

approach combined fluorescent taxon-specific probes with flow cytometry to enrich defined 

clades for downstream genomic analysis. This strategy produced low-diversity metagenomes 

and enabled the recovery of high-quality single-cell assembled genomes, as shown in studies 

of an uncultured flavobacterial clade associated with phytoplankton121. More recently, cell 

sorting of antibiotic-resistant bacteria followed by metagenomic sequencing has been used to 

identify uncultured pathogenic strains and their associated ARGs and MGEs in soil122. 

Combined, these methods help overcome limitations of conventional metagenomic 

approaches, which can suffer from low sensitivity and specificity, hindering the detection of 

low-abundance microbial populations that fall below the detection threshold, as well as the 

identification of allelic variants linked to distinct phenotypic traits. 
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Figure I-7: Microbial genomic enrichment strategies. 

(A) Overview of a genetic-bait capture platform illustrating the use of custom-designed probes to enrich 
three specific target genes. Figure adapted from Siljanen et al.119. (B) Overview of an upstream cell 
sorting-based enrichment approach applied to a metagenomic sample (left), compared to direct 
metagenomic analysis (right). Figure adapted from Vollmers et al.123. FACS: Fluorescent activated cell 
sorting. 

5. Quantitative metagenomics 
Quantitative metagenomics aims to detect and compare the abundance of microbial taxa 

and genes across different environmental or host-associated communities. A common 

approach involves mapping sequencing reads to reference databases of genomes or gene 

sequences and counting how many reads are assigned to each taxon or functional category. 

Taxonomic composition can be estimated using tools such as Kraken35 or MetaPhlAn36, while 
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functional profiles are typically inferred by aligning reads against genic databases such as 

KEGG43, MetaCyc44 or eggNOG80. Read counts are then used to estimate the abundance of 

taxonomic groups or gene families. However, accurate quantification is challenged by technical 

limitations, particularly the dependence of read counts on sequencing depth. Without proper 

normalization, comparisons between samples can be biased and lead to inaccurate 

interpretations of community structure or function. 

Absolute quantification in metagenomes can be achieved using internal DNA standards 

known as spike-ins, which are synthetic DNA sequences added to samples in known quantities 

before sequencing. These standards provide a reference framework to convert sequencing 

read counts into absolute concentrations. Recent studies have applied spike-ins to quantify 

DNA viruses in wastewater samples124, to model absolute bacterial abundances in mock and 

real communities125, or to estimate absolute ARG abundance in farm-associated samples, 

expressed as gene copies per unit mass of sample126. These metagenomic quantifications 

correlate well with control quantitative PCR measurements while avoiding primer biases, 

although their detection limit remains higher. 

High-throughput metagenomic sequencing yields compositional data (Figure I-8). 

Sequencing instruments have a limited capacity to generate a fixed number of reads per 

sample, capturing only a random sample of molecules from the total DNA pool that is 

constrained by sequencing depth. As a result, read counts represent relative proportions of 

features (e.g., taxa or genes) within each metagenome, and not their true abundances. This 

compositional constraint implies that an increase in the abundance of one feature can 

artificially lower the observed abundance of others, even if their true amounts remain constant. 

Consequently, ignoring compositionality can produce spurious correlations and obscure 

genuine biological differences127. This issue affect both taxonomic and functional profiling, 

biasing interpretations of gene and pathway dynamics128. While it is being increasingly 

addressed through improved methods for assessing microbial composition and differential 

abundance129,130, it remains less explored in functional profiling.  
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Figure I-8: Compositional problem in metagenomics. 

(A) The total read count in a metagenomic library does not reflect the absolute abundance of nucleic 
acids in the microbial community; but instead, it provides a relative estimate constrained by sequencing 
depth. Read counts represent the proportion of molecules per feature (e.g. taxon or gene) in a 
metagenome, scaled by the total number of sequencing reads. (B) Bar plots illustrate the difference 
between absolute counts and relative proportions for two features across three samples. The top graphs 
show the actual counts in the community, while the bottom graphs display the relative abundances 
obtained after sequencing. Notably, the features in samples 2 and 3 have identical relative abundances 
despite differing input counts. Figure adapted from Gloor et al.127. 

Functional quantification of a metagenome involves cataloguing its genes and 

estimating their abundance to describe the functional capacity of the community. In practice, 

sequencing reads are aligned against gene or protein databases, and counts are aggregated 

per gene family. By comparing these counts, genes that differ in abundance between samples 

can be identified, revealing functional differences between communities. Gene abundance 

can be defined through several parameters, such as absolute abundance, relative abundance, 

or average gene copy number (Figure I-9).  

The absolute abundance of a gene is the number of times it is detected in a 

metagenome, either by accounting the number of mapped reads against it or the number of 

gene copies in assembled contigs. In contrast, the relative abundance of a gene is the 

proportion of all genes that belong to a given gene family. A related commonly used measure is 

genic average copy number, which represents the expected number of copies per randomly 

selected microbial cell. This value is typically <1 for most gene families, ~1 for universal single-

copy genes (USCGs), and >1 for gene families with multiple paralogs. USCGs, such as RNA 

polymerase subunit genes (rpoB) or chromosomal replication initiator protein DnaA (dnaA), are 

found in nearly all prokaryotic genomes and usually occur in a single copy, making them useful 

for normalization and cross-sample comparisons131,132. Importantly, all these measures remain 

compositional, since they count only in the sequenced portion of the community. 
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Figure I-9: Gene abundance metrics used in metagenomics. 

(A) A microbial community composed of ten cells from four taxa, each carrying different combinations 
of four gene families (colored arrows). The abundance of the green gene is illustrated using different 
quantification metrics. (B) The red gene is present at one copy per cell, resulting in a constant absolute 
abundance across both communities. However, its relative abundance decreases as genome size 
increases due to an expansion in the copy number of the blue gene and the apparition of the green gene. 
Figure adapted from Nayfach et al.133. 

While gene abundance metrics offer valuable insights into the functional composition 

of microbial communities, their accuracy can be compromised by several technical biases. To 

mitigate these effects, several normalization strategies have been proposed, each tailored to 

correct specific sources of variability (Table I-1). Among the most common challenges to deal 

with is the distortion in sequencing depth across samples. A sample sequenced more deeply 

will naturally yield a higher number of reads for any given gene, regardless of whether its true 
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abundance in the community has changed. Consequently, raw read counts cannot be directly 

compared between samples with different library sizes. Gene length also introduces bias for 

an analogous reason, as longer genes inherently attract more reads during alignment. 

Normalization methods such as RPKM81 adjust for both sequencing depth and gene 

length134,135.  

Another important source of bias in metagenomic gene abundance estimation arises 

from the selection of the reference databases, which constrain the set of genes that can be 

detected. Since only reads that match sequences in the database can be annotated, the choice 

of reference directly influences the abundance profile. This limitation can be mitigated by using 

curated or multiple reference databases and comparing results across annotations to assess 

consistency99,136.  

Biases linked to microbial genome size further complicate interpretation. The 

probability of sampling a particular gene from a metagenome is inversely related to the average 

genome size of the community134. As a result, communities dominated by organisms with larger 

genomes may appear to have lower functional potential simply due to reduced gene sampling 

rates. The probability of a sampling a gene (Pg ) from a metagenome can be defined as the 

probability that a sequencing read originates from that gene, and it can be approximated as: 

𝑷𝒈 ≅
𝒍𝒈 × 𝑪𝒈

𝑨𝑮𝑺
 

where lg is the gene length, Cg its average copy number, and AGS the average genome size in the 

microbiome. This formulation highlights how USCGs (for which Cg = 1) are overrepresented in a 

metagenome with small AGS compared to a metagenome with a large AGS, simply because 

these genes make up a larger fraction of the total genomic DNA in the community134. 

Nayfach et al.137 formalized a normalization method, implemented in the 

MicrobeCensus tool, that accounts for average genome size to estimate gene abundance in 

terms of reads per kilobase per genome equivalent (RPKG): 

𝑹𝑷𝑲𝑮 =
𝑵𝒂𝒍𝒊𝒈𝒏𝒆𝒅  ∕ 𝒍𝒈

𝑵 ∕ 𝑨𝑮𝑺
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where Naligned is the number of reads mapped to the gene, lg its length, N the total library size, 

and AGS the average genome size, itself further estimated as:  

𝑨𝑮𝑺 = ∑
𝑹𝒊 × 𝑺𝒊

∑ 𝑹𝒊
𝒏
𝒊=𝟏

𝒏

𝒊=𝟏

 

with Ri and Si denoting the relative abundance and size of genome i, respectively. This enables 

normalization per microbial cell rather than per unit of DNA. 

GC content also influences gene detectability. Regions of low GC content tend to be 

underrepresented in sequencing data due to reduced nucleotide stability, leading to the 

underestimation of genes or organisms with extreme GC percentages. Correction strategies 

that explicitly model GC bias can be applied to adjust estimates and avoid distortions in 

comparative analyses138. However, these approaches normally assume that representative 

genome references are available for most microorganisms in the sample, an assumption that 

may hold for well-characterized microbiomes such as GM, but not for poorly studied 

environments. 

Biases introduced during read alignment can significantly affect gene quantification. 

Both the choice of aligner (e.g. BLAST139 or DIAMOND79), and the specific alignment 

parameters, such as the E-value or the minimum percentage identity thresholds, strongly 

influence which read-to-gene matches are retained. Permissive thresholds may inflate false 

positives by allowing spurious matches, while overly stringent thresholds risk missing true hits, 

especially in divergent genes. The treatment of multi-mapping reads, which align equally well 

to multiple genes or loci, leads to ambiguous quantification and adds another layer of 

complexity140. Empirical studies suggest that optimal gene detection is achieved using read 

lengths of 150-200 bp and conservative E-value thresholds (e.g. 1E-10), which balance 

sensitivity and specificity99. 

Finally, one of the most complex normalization steps involves correcting gene counts 

based on the taxonomic background of each sample. Marker genes with stable copy numbers 

across genomes are often used to standardize gene abundance relative to microbial cell 

counts. The normalization proposed by Pal et al.135 uses the ratio between the gene of interest 

and 16S rRNA gene abundance to determine the abundance of a gene in a metagenome (Ag): 
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𝑨𝒈 =
𝑵𝒂𝒍𝒊𝒈𝒏𝒆𝒅 × 𝒍𝒈

𝑵𝟏𝟔𝑺 × 𝒍𝟏𝟔𝑺
 

where Naligned and lg are the number of reads and average length of the target gene, and N16S, 

l16S the same for the 16S rRNA gene. While widely used, for example to quantify ARG abundance 

across environments135, the variable copy number of 16S rRNA gene across taxa24 limits its 

reliability. 

A more consistent alternative is to normalize gene abundance using USCGs, which are 

typically present at one copy per genome across most taxa132. Methods such as MUSiCC128 or 

MicrobeCensus, which uses a core of 30 USCGs137, apply this principle by estimating average 

gene copy numbers through normalization against the median abundance of USCGs to 

estimate per-cell gene copy numbers, thereby enabling more accurate cross-sample 

comparisons. 

Source of bias Normalization Reference 

Sequencing depth 
By library size (e.g. RPKM) 99,136,137 

By sum of all gene abundances  141 

Gene length By gene length (e.g. RPKM) 134,135 

Genome size By average genome size 134,137 

GC-content bias Apply GC-content correction 138 

Reference database Use of curated or multiple databases 99,136 

Read alignment ambiguity Optimize alignment tool and parameters 99 

Microbial background 
By 16S rRNA abundance 135 

By USCG abundance 128,137 
 

Table I-1: Bias sources in metagenomic gene quantification and normalization strategies. 

After raw sequencing reads are aligned to a reference database, multiple sources of technical bias may 
affect gene abundance estimates (column 1). Various normalization strategies (column 2) have been 
proposed or applied in previous studies (column 3) to mitigate these effects. 
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When estimating the complete set of differentially abundant genes between two or more 

metagenomes from distinct conditions, statistical methods originally developed for RNA-seq 

count-based data, such as DESeq2142, have shown good performance while minimizing the 

false discovery rate143. Unlike targeted comparisons involving a small number of genes, ORF-

wide analyses face the additional challenge that many genes may be represented by only a few, 

or even zero, sequencing reads. Consequently, methods for statistical inference must be 

robust to high levels of noise and capable of detecting true differences with limited information. 

In this context, both gene abundance and sample size are key factors influencing the power to 

detect differential abundance143. A subsequent evaluation by the same group found that 

normalization strategies such as the trimmed mean of M-values and relative log expression 

outperformed other methods in producing unbiased p-values and effectively controlling the 

false discovery rate, and are therefore recommended for normalizing whole-gene abundance 

data in metagenomic studies144. 
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II. OBJECTIVES 
__________________________________________________ 
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1. General hypothesis 
Analyzing entire metagenomes requires substantial computational power and manual 

effort, often without yielding clear biological interpretations of the roles played by specific 

microbial protein families. A more efficient strategy is to focus on well-defined gene families 

with known functions. This targeted, gene-centric approach facilitates answering biologically 

relevant questions about key microbial functions and their relationship with host or 

environmental phenotypes, while reducing analytical noise and computational burden. 

 

2. Objectives 
The main objective of this thesis is to quantify selected gene families associated with 

specific phenotypes using a targeted, gene-centric approach to large-scale metagenomic 

datasets. Chapter I focuses on genes from the GM involved in microbial metabolism linked to 

gut disease. Chapter II examines plasmid-marker genes in several ecosystems. Gene 

abundance is quantified in clinical samples from healthy individuals and patients with gut 

disorders in Chapter I, and in marine and other environmental samples in Chapter II. By 

correlating gene abundance with relevant phenotypes -either disease status or plasmid 

prevalence- this thesis aims to reveal biologically meaningful functional patterns that may be 

overlooked by broader, taxonomy-based approaches. Five specific objectives were 

established: 

• Characterize the enzymes and their coding genes responsible for the production of short 

chain fatty acids, alcohols and other metabolites in the human GM.  

• Determine the correlation between these metabolic signatures and gut disease by 

quantifying target genes in fecal metagenomes from patient cohorts.  

• Investigate whether candidate genes belong to the accessory genome of the GM. 

• Assess the distribution and prevalence of marine plasmids by quantifying relaxase 

genes in marine and other environmental metagenomes.  

• Explore the correlation between relaxase gene abundance and the prevalence of 

antibiotic-resistance genes and other plasmid-marker genes. 
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CHAPTER I 
 

METABOLIC-MARKER GENES 

IN MASLD 

______________________________________________________________________________________ 
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1. Introduction 
Metabolic dysfunction-associated steatotic liver disease (MASLD) is the most common 

chronic liver disease worldwide, affecting approximately 38% of the adult population145. 

Clinically, MASLD is defined by the presence of steatosis (i.e., accumulation of intrahepatic 

triglycerides) in more than 5% of hepatocytes, in association with metabolic risk factors 

(particularly, obesity and type 2 diabetes) and in the absence of excessive alcohol consumption 

(≥30 g per day for men and ≥20 g per day for women) or other chronic liver diseases146. However, 

the term encompasses a spectrum of pathological situations, ranging from simple steatosis to 

metabolic dysfunction-associated steatohepatitis (MASH), which can further progress to 

fibrosis, cirrhosis and hepatocellular carcinoma147,148 (Figure III-1). Beyond hepatic 

complications, MASLD is strongly associated with cardiovascular disease, extrahepatic 

cancers and chronic kidney disease, highlighting its role as a multisystemic metabolic 

disorder149. The pathogenesis of MASLD is complex and multifactorial, involving genetic 

susceptibility, environmental exposures, inflammatory and metabolic factors, with a strong 

association with insulin resistance150. 

 

 
Figure 0-1: Overview of MASLD progression. 

Stages of liver disease and the estimated percentage of patients progressing between them. Figure 
adapted from Lekakis et al.148. MASL: metabolic dysfunction-associated steatotic liver, MASH: 
metabolic dysfunction-associated steatotic hepatitis, HCC: hepatocellular carcinoma. 
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The GM interacts with the liver via the gut-liver axis (GLA) through the portal vein, which 

transports GM-derived metabolites to the liver. The intestinal barrier plays a crucial role in this 

interaction, promoting the movement of water and nutrients into circulation towards the liver 

while preventing the systemic spread of microbes and toxins. It is composed of a mucus layer 

and an epithelial monolayer of specialized cells interconnected by tight junctions that regulate 

the paracellular passage. The mucus, primarily composed of large glycosylated proteins known 

as mucins, serves to shield the epithelial lining from direct bacterial contact. Additionally, there 

is a third barrier known as the gut-vascular barrier which further contributes to maintaining 

intestinal integrity151 (Figure III-2). 

 
Figure 0-2: Gut-liver axis structure. 

Schematic representation of GLA, illustrating the key components involved in gut-liver communication. 
Figure adapted from Albillos et al.152. 
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The GLA can be disrupted by multiple interconnected factors, affecting the progression 

of MASLD153. Alterations of the GM composition and/or their associated metabolism can lead 

to an increased production of harmful metabolites such as pathogen-associated molecular 

patterns, which induce inflammatory responses in the liver when they reach it through the 

bloodstream, leading to liver injury154,155. The triggering of inflammatory pathways is mediated 

by activation of pattern recognition receptors like Toll-like receptors in hepatic stellate cells and 

Kupffer cells156. Transit of the aforementioned endotoxins into portal circulation is facilitated by 

an increased intestinal permeability caused by a disruption of tight junction proteins in the 

intestinal membrane157. Additionally, alterations of the bile acid composition and circulation 

affect liver metabolism and function. Since bile acids play a role in the regulation of glucose 

and lipid metabolism, their dysregulation contributes to gut inflammation and MASLD158,159. 

Several human and preclinical studies have attempted to establish a causal link 

between bacterial metabolism and MASLD160,161. However, metabolic levels can also be 

influenced by host metabolism, diet or environmental factors162. Similarly, metataxonomic 

analyses have explored the relationship between GM composition and MASLD163,164. Although 

16S rRNA gene sequencing provides taxonomic resolution at the genus or species level, it fails 

to capture strain-level metabolic variability. Bacterial genomic plasticity allows key metabolic 

genes, such as those potentially relevant to MASLD pathogenesis, to be encoded in their 

accessory genome, including MGEs, further decoupling taxonomy from metabolic function165.  

In this Chapter, we used the genes encoding metabolic enzymes involved in the final steps 

of microbial pathways leading to the production of butyrate, short-chain alcohols (SCAs) 

ethanol and propanol, methane, trimethylamine (TMA) and trimethylamine N-oxide (TMAO) as 

proxies to determine their abundance in MASLD. To achieve this, we isolated these gene 

families and quantified them in over 550 metagenomes obtained from fecal samples of MASLD 

and healthy patients, stratified across three independent cohorts. We also explored taxonomic 

signatures to gain a comprehensive view of bacterial diversity and abundance. Finally, we 

assessed the distribution of these genes within the human GM pangenomes and plasmids. By 

focusing on functionally relevant genes, we aim to move beyond correlative taxonomic 

observations to provide mechanistic insights into the functional reprogramming of GM in 

MASLD. This gene-centric framework provided insights into the role of microbial pathways in 

MASLD progression and highlighted new genetic targets for diagnosis and intervention. 
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2. Materials and methods 

 

Figure 0-3: Overview of the methodology used in Chapter I.  

Diagram summarizing the full bioinformatic pipeline for processing paired-end metagenomic samples: 
from data retrieval and read quality control to taxonomic profiling and target gene quantification. Gene 
families were isolated and aligned against the sequencing libraries to quantify abundance. Additionally, 
the presence of target genes was screened across GM genomes and annotated plasmids. Blue arrows 
indicate the workflow progression, and software tools are shown in italicized black beneath each arrow. 
Filtering steps are highlighted in pink boxes. Red labels refer to subsections (A-H) in Materials and 
Methods for detailed descriptions. 

A) Downloading of metagenomic sequencing data 

A total of 554 metagenomic sequencing libraries generated from the fecal samples of 

MASLD and healthy subjects were downloaded from the Sequence Read Archive (SRA) with 

SRA Toolkit´s fastq-dump (version 3.2)166. These samples were retrieved using the accession 

numbers corresponding to five different studies, and they were stratified in three cohorts, as 

detailed in Table III-1. Information on the collection and processing of fecal samples, bacterial 

DNA extraction and sequencing protocols are provided in the original publications. 

Additionally, we retrieved the medical metadata associated with each sample donor to verify 

MASLD diagnosis and classify samples into two phenotypic groups of comparison within each 

cohort. Samples with undefined MASLD status were excluded from this study. All data was 

downloaded between March 2022 and March 2024. 
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B) Description of MASLD patient cohorts 

Cohort 1 includes 83 European MASLD patients with obesity and initial fibrosis (F0-F2), 

aged 20-64 years. Patients were drawn from two previously published studies: 73 individuals 

from Hoyles et al.167 and 10 from Mardinoglu et al.168. In the latter group, 48 fecal samples were 

collected at five time points during the study (two samples from day 1 were not obtained). 

MASLD diagnoses were confirmed by liver biopsy performed during bariatric surgery. None of 

the subjects had alcoholic liver disease, viral hepatitis or diabetes mellitus. The control group 

includes 117 healthy patients from Poyet et al.95. Cohort 2 comprises 86 American MASLD 

patients from Loomba et al.169, including 72 with initial fibrosis and 14 exhibiting advanced 

fibrosis (F3-F4), all diagnosed by liver biopsy and magnetic resonance imaging. No participants 

had liver comorbidities or diabetes. Note that in this study, patients with initial fibrosis were 

treated as a “control” group for comparison purposes. Cohort 3 includes 230 Han Chinese 

individuals from Qin et al.170: 125 diagnosed with MASLD-related cirrhosis and 105 without liver 

injury. Patients with viral hepatitis or other hepatic disorders were excluded. All cohorts consist 

of one metagenomic stool sample per patient, except for the 48 samples collected at multiple 

time points from 10 patients in the study from Mardinoglu et al.168. 

Cohort Phenotypic group N samples Reference SRA accession number 

1 

Healthy control 117 95 PRJNA544527 

MASLD, initial fibrosis (F0-F2) 
73 167 PRJEB14215 

48 168 PRJNA420817 

2 
MASLD, initial fibrosis (F0-F2) 72 

169 PRJNA373901 
MASLD, advanced fibrosis (F3-F4) 14 

3 
Healthy control 105 

170 PRJEB6337 
Cirrhosis MASLD 125 

Table 0-1: MASLD patient cohorts and fecal metagenomic datasets analyzed in Chapter I. 

Each cohort (column 1) was divided into two phenotypic comparison groups: control vs. disease 
(column 2). The cohorts include N MASLD patients and corresponding whole-metagenomic stool 
samples derived from them (column 3). The disease group in Cohort 1 consists of 73167 and 48168 MASLD 
patients with initial fibrosis. Cohort 2 was divided into initial fibrosis (control) and advanced fibrosis 
groups. Patients were originally recruited in the listed studies (column 4), with metagenomic data and 
clinical metadata retrieved from the indicated SRA accession numbers (column 5). 
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C) Quality control of metagenomic reads 

Sequencing reads were trimmed to remove Illumina adapter remnants and low-quality 

regions (<Q25) using BBDuk from the BBTools suite (version 37.62)171. Read quality was 

assessed with FastQC (version 0.12.1)172 and summarized using MultiQC (version 1.22.3)173. 

D) Taxonomic signatures associated with MASLD 

To determine whether any bacterial clade is systematically increased or decreased in 

MASLD across the three cohorts, we profiled the taxonomic composition of GM communities 

in fecal samples using MetaPhlAn (version 4.0.6), which uses a wide-range of clade-specific 

marker genes to estimate taxonomic abundances36. The diversity of these markers allows 

MetaPhlAn to provide highly accurate taxonomic classification across a wide spectrum of 

bacterial clades, from the species level to broader taxonomic ranks, without being limited to 

16S rRNA alone.  

For this study, we used the database version mpa_vOct22_CHOCOPhlAnSGB_202212 

(downloaded on August 22, 2023) and added the --ignore_eukaryotes flag to skip profiling 

eukaryotic organisms. Post-processing of the MetaPhlAn output involved a) removing low-

abundant clades (i.e., those with an average relative abundance of 0 in at least one cohort), b) 

excluding taxa predicted as “unclassified”, and c) ensuring that no removed clades were 

exclusive to one of the comparison groups, in order to avoid removing what could be very clear 

taxonomic markers. To identify the most abundant clades present in the GM, we selected 

genera with an average relative abundance above 0.5% (Figure III-4C) and species above 0.2% 

(Figure III-4E). Notably, in this step we faced an issue regarding the status of taxonomic 

assignments, as several species required manual updates to their nomenclature assigned by 

MetaPhlAn. Specifically, Eubacterium rectale was reassigned to Agathobacter rectalis174, 

Ruminococcus torques to Mediterraneibacter torques175 and Roseburia faecis to Agathobacter 

faecis176.  

E) Isolation of target gene families in the GM 

We constructed families of the human GM metabolic genes encoding the enzymes 

involved in the production of butyrate, ethanol, propanol, TMA, methane and their precursor 

metabolites, as represented in Figures III-5A, 6A and 7A. The Unified Human Gastrointestinal 

Genome (UHGG, version 2.0.2)84 served as the reference database for this purpose, being the 
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most comprehensive collection of characterized human GM genes to date (Table I-1). Each 

gene family was built by retrieving a seed set of sequences based on gene and protein 

annotation from the UHGG, assessing their similarity with lab-validated enzymatic sequences 

when available. Validated gene sequences were retrieved from MetaCyc44 and used as controls 

to assess their phylogenetic proximity to the retrieved gene seeds.  

Gene families were aligned using MAFFT (version 7.271)177 with options “--localpair” and 

“--maxiterate 1000” and phylogenetic trees were constructed with IQ-TREE (version 2.0.3)178 

with the ultrafast bootstrap option (1000 bootstraps)179 to assess branch support. The best 

fitting model for each metabolic gene was estimated using ModelFinder Plus180, according to 

the Bayesian information criterion. Low phylogenetic distances between control and retrieved 

sequences served as a criterion for defining gene families. Duplicated sequences, gene 

fragments and phylogenetically distant genes were excluded after inspecting the trees. To 

improve gene identification and classification, we then built profile hidden Markov models 

(HMMs) for each target gene family using HMMER hmmbuild and hmpress (version 3.4)181. 

MetaCyc44 and KEGG43 were also used to validate gene and enzyme names, KO groups, the 

biochemical reactions involved in the formation of each metabolite, and their EC numbers.  

The same protocol was applied to isolate five USCGs used as controls. These USCGs 

and their encoded proteins were: argS (arginyl-tRNA synthetase), dnaA (chromosomal 

replication initiator protein DnaA), rpoA, rpoB and rpoC (alpha, beta and gamma subunits of 

the DNA-directed RNA polymerase, respectively). 

F) Analysis of gene abundance by read-based quantification 

We quantified the abundance of target genes in the metagenomic samples from the 

three cohorts by aligning the quality-controlled reads against the isolated gene families using 

DIAMOND (version 2.0.14)79. Alignments were filtered to retain only the best match for each 

read and gene family sequence by using the “--max-hsps 1” option, with an E-value threshold 

of <1E-10. These parameters were based on experimentally validated recommendations for 

detecting genes in fecal metagenomic samples with DIAMOND99. The total number of aligned 

reads for each gene family was normalized using a variation of the RPKM formula, referred to 

as RPKSM (reads per kilobase per size per million reads) (Equation III-1). This measure was used 

as an indicator of gene abundance (Figures III-5B, 6B-C and 7B-D; and Supplementary Figures 

S-III-3 and 4). It is defined as the number of aligned reads per kilobase per gene family size per 
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million reads, to account for variations in gene length, gene family size (i.e., the number of 

sequences within each gene family) and library size, respectively. 

RPKSM = 
#𝑹𝒆𝒂𝒅𝒔 𝒂𝒍𝒊𝒈𝒏𝒆𝒅 × 𝟏𝟎𝟑 × 𝟏𝟎𝟑 × 𝟏𝟎𝟔 

#𝑻𝒐𝒕𝒂𝒍 𝒓𝒆𝒂𝒅𝒔 × 𝑮𝒆𝒏𝒆 𝒍𝒆𝒏𝒈𝒕𝒉 × #𝑮𝒆𝒏𝒆𝒔
 

Equation III-1: RPKSM formula. 

G) Whole metagenomic analysis 

We applied a whole-metagenome analysis workflow to validate our results at single-

gene level. To this end, SqueezeMeta (version 1.6.0)76 was used to predict both the taxonomic 

and functional composition of the metagenomic samples from the three cohorts. Due to 

computational limitations, it was not feasible to co-assemble all available samples, so 

approximately 24-30 samples per cohort were randomly selected, with equal representation 

from each phenotypic group. Briefly, SqueezeMeta assembled the metagenomes from each 

sub-cohort into a single co-assembly using MEGAHIT (version 1.2.9)48 by pooling the 

sequencing reads from every sample. ORFs were then predicted from contigs50, and reads from 

individual samples were mapped back against the co-assembly to quantify the abundance of 

each KO group per metagenome. We further processed these results with SQMtools (version 

1.6.0)82 to identify the most differentially abundant KO groups between phenotypic groups 

within each cohort using DESeq2 (version 1.34.0)142, applying a log fold-change >2 and a p-

adjusted value <0.05 as thresholds (Supplementary Figure S-III-5). 

H) Presence of candidate genes in human GM genomes and plasmids 

To determine whether candidate metabolic genes involved in MASLD were core or 

accessory across the human GM, their presence was quantified in both UHGG genomes and 

curated RefSeq200 plasmids. Curation involved eliminating sequences corresponding to 

partial plasmid DNA sequences, unassignable hosts, or PacBio internal control sequences, as 

done previously165. Since many UHGG genomes originate from metagenome-assembled or 

single-cell-amplified genomes, they may be incomplete, potentially leading to false positive 

annotations. To minimize this risk, we included only UHGG genomes with >95% completeness 

and containing the five USCGs described above. ORFs were predicted using Prodigal (version 

2.6.3)182, retaining only those covering >90% of the HMM size. We then used HMMER hmmscan 

(version 3.4)181 with the following parameters: protein-pHMM coverage threshold >90%, E-value 

<0.01 and independent E-value (i-E-value) <0.01, strictly enforcing the 90% threshold to avoid 
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capturing ORFs with similar protein domains. This approach yielded 31,227 genomes classified 

as complete and containing the five USCGs.  

To classify genes as core or accessory, we defined their presence as the percentage of 

strains within a given genus and species that encode the gene. Genes were categorized as core 

if present in >80% of congeneric (Figure III-8A) or conspecific (Figure III-8B) genomes, as 

accessory if present in 20-80%, and as highly accessory if present in <20% genomes. Only the 

most abundant clades in the GM with >100 genomes meeting the completeness criteria were 

included. Additionally, we assessed whether these genes could be encoded in annotated 

plasmids. Using the same constraints, we predicted ORFs from the RefSeq200 plasmid 

collection, which includes 23,309 plasmids encoding over 2 million ORFs. ORFS were retained 

if they met the >90% HMM size threshold, with hmmscan parameters identical to those applied 

in the UHGG genome analysis (Figure III-8C). 

I) R packages and statistical analysis 

Data manipulation was performed using R (version 4.1.3) and the tidyverse package 

(version 1.3.2)183. Figures were generated with the R packages ggplot2 (version 3.4.2)184, ggpubr 

(version 0.6.0)185 and pheatmap (version 1.0.12)186. Mann-Whitney tests with a Benjamini-

Hochberg adjustment for multiple testing were applied on the relative abundance of bacterial 

clades (Figures III-4D and E, Supplementary Figure S-III-2) and gene abundances (Figures III-

5B, 6B-C and 7B-D; and Supplementary Figures S-III-3 and 4) between phenotypic groups in the 

metagenomic fecal samples of each cohort to assess the significance of the differences. 

Statistical analyses and graphical representation on the plots were conducted using the R 

package rstatix (version 0.7.2)187. 

3. Results 

A) Agathobacter rectalis is consistently depleted in MASLD 

Certain bacterial clades have been positively correlated with MASLD progression, 

including Enterobacteriaceae164,188 such as Escherichia / Shigella spp.169,188, Bacteroidaceae 

like Bacteroides spp.169,189, Veillonellaceae164 or Streptococcus spp.190. Conversely, other 

clades have been reported to exhibit an inverse correlation with MASLD progression, including 

Ruminococcaceae164 such as Faecalibacterium prausnitzii169,191, Lachnospiraceae like 

Eubacterium rectale169,191 or Dorea longicatena191, Clostridiaceae like Clostridium spp.188, and 
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even Pseudomonas spp.190. However, these studies often yield conflicting results. For example, 

a reported positive correlation between Ruminoccocus spp. abundance and MASLD 

progression189 contradicts one of the main findings in two posterior studies169,191. Similarly, 

Prevotella spp. was found to decrease with MASLD development192 and fibrosis stage189, yet 

another study reported an increase in this genus in MASLD patients190. There are additional 

examples of discordant taxonomic signatures in MASLD, such as Blautia spp. or Roseburia 

spp.193. 

To investigate whether any bacterial clade is systematically altered in MASLD, we 

profiled the taxonomic composition of the GM communities across all samples from the three 

cohorts at both genus and species levels using MetaPhlAn36, as detailed in Materials and 

Methods. This analysis identified 28 bacterial genera shared across all three cohorts (Figure III-

4A), which accounted for 59%, 31.5% and 49% of the GM composition in each cohort, 

respectively (Figure III-4B). Thus, nearly half of the bacterial genera identified in at least one 

cohort were shared across all three (28 out of 63), representing between one-third and two-

thirds of the total GM abundance. 

Among these shared genera, Gemmiger, Streptococcus, Mediterraneibacter, 

Ruminococcus and Agathobacter exhibited a consistent pattern of differential abundance 

between MASLD and control groups across all cohorts, reaching statistical significance in at 

least two (Figure III-4D). This exclusion criterion was applied to enhance the reliability of the 

results and minimize confounding factors from cohort-specific demographic variables (e.g. 

geographical location, age, sex, or ethnicity) or environmental factors (e.g. diet, physical 

activity, comorbidities, or drug exposure), rather than being directly related to the MASLD 

phenotype162,194. Cohort 2 was exempt from this threshold as it only included MASLD patients, 

and applying it could have been overly restrictive, masking potential taxonomic differences 

associated with the disease.  

Strikingly, Agathobacter was the only genus to show significant depletion across all 

three cohorts (Figure III-4D). This effect was observed in MASLD patients with initial fibrosis (F0-

F2, Cohort 1), advanced fibrosis (F3-F4, Cohort 2), and cirrhosis (Cohort 3) compared to healthy 

controls or earlier disease stages (Cohort 2). Note that Agathobacter, along with 

Ruminococcocus and Mediterraneibacter, belongs to the fraction of the highest abundant GM 
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bacterial genera (Figure III-4C), highlighting their potential contribution to the phenotype in 

specific patient cohorts. 

Analogously, the most abundant bacterial species within the GM were analyzed for 

differences in abundances between groups across the three cohorts. Only Agathobacter 

rectalis and Bacteroides uniformis, two of the most abundant GM bacterial species 

(Supplementary Figure S-III-1), exhibited a consistent pattern of differential abundance across 

all cohorts, with statistical significance in at least two (Figure III-4E). Consistently, A. rectalis 

was significantly depleted in MASLD, identifying it as a robust, cross-cohort taxonomic 

indicator of MASLD severity (Supplementary Figure S-III-2). 
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Figure 0-4: Taxonomic profiling of the GM in MASLD. 

(A) Number of bacterial genera shared across the three study cohorts. (B) Average relative abundance 
of bacterial genera predicted by MetaPhlAn. The blue section of the pie charts represents the average 
relative abundance of genera common to the three cohorts (n=28), whereas the grey and green sections 
reflect, respectively, cohort-specific and minor genera (i.e., with an average relative abundance of 0 in 
at least one of the cohorts). (C) Most abundant GM genera (average absolute abundance >0.5%) (D-E) 
Relative abundance of bacterial genera (D) and species (E) in fecal metagenomes, shown on a 
logarithmic scale. Blue and red boxplots indicate healthy and MASLD groups, respectively. Each facet 
represents one cohort. Differences in abundance were evaluated using pairwise Mann-Whitney tests 
with Benjamini-Hochberg adjustment for multiple testing. Horizontal bars represent median values, 
while boxes and whiskers represent the interquartile range and the full data spread (minimum to 
maximum), respectively. Clades depicted in green across the x-axis show consistent differential 
abundance trends between groups over cohorts. Agathobacter rectalis, depicted in red, is the only 
species with a statistically significant and consistent depletion in MASLD across all cohorts. (*) p<0.05, 
(**) p<0.01, (***) p<0.001, (****) p<0.0001. Non-starred genera present non-significant differences in 
abundance between groups. 

 



   

70 
 

B) Butyrate-producing genes are depleted in MASLD 

The identification of A. rectalis as a consistent taxonomic signature across multiple 

MASLD cohorts underscores its potential protective role in MASLD development. However, 

taxonomy alone may not fully capture the functional contributions of the GM. Certain microbial 

metabolites regulate GLA integrity and have been suggested to influence MASLD 

progression195–197. These compounds derive from dietary carbohydrates and proteins that are 

not fully digested in the upper gastrointestinal tract and are instead catabolized by the GM 

through fermentative pathways that are predominant in the anaerobic environment of the 

colon198,199. Once absorbed into the bloodstream, they are transported to the liver via the portal 

vein, where they can exert both beneficial and detrimental effects152,200.  

The most well-characterized of these metabolites are short chain fatty acids, produced 

by the colonic fermentation of complex carbohydrates present in dietary fiber that escape 

digestion in the small intestine. These metabolic pathways have been relatively well 

understood for nearly thirty years201 and their impact on GM homeostasis has been reviewed in 

several articles202–204. For this reason, we interrogated the metagenomic fecal samples from the 

patient cohorts for metabolic signatures that could explain the MASLD phenotype. First, we 

focused on the genes encoding enzymes involved in butyrate formation as a proxy for the 

bacteria that carry them, independently of their taxa. To validate our hypothesis, we analyzed 

the genic abundance of the final enzymes involved in butyrate production.  

We selected butyrate as a target because it is crucial for maintaining GLA homeostasis. 

It supports colonic epithelial integrity by upregulating the expression of mucin-coding genes205 

and tight-junction proteins like Claudin-1206, which improve the gut barrier function and prevent 

the translocation of toxic compounds to the liver. In fact, butyrate is the primary energy source 

for colonocytes207. It also modulates the gut immune function by inducing the development and 

differentiation of anti-inflammatory, colonic regulatory T cells through the acetylation of 

histone H3 at the Foxp3 promoter208 and the activation of the cell surface receptor GPR109A in 

colonic macrophages and dendritic cells, which promotes the secretion of IL-10 in the colon209. 

Specifically, butyrate enhances the bactericidal capacity of macrophages210 by increasing the 

production of antimicrobial peptides while decreasing proinflammatory cytokines IL-6, IL-12211 

and IL-17212. Additionally, butyrate increases energy expenditure by stimulating lipid oxidation 

through the activation of brown adipose tissue213,214.  
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Specifically, this activation is modulated through two thermogenesis-related proteins: 

the peroxisome proliferator-activated receptor-γ and the mitochondrial uncoupling protein 2215. 

Butyrate also induces hepatic gluconeogenesis, reduces total body fat accumulation216 and 

prevents diet-induced insulin resistance217, all of which are key risk factors in MASLD. 

Recent in vivo investigations have ascribed a protective role to butyrate in MASLD. A 

butyrate-producing probiotic strain of Clostridium butyricum was shown to prevent MASLD 

progression in rats by restoring the expression of tight-junction proteins, as well as by 

decreasing steatosis, insulin resistance, serum endotoxin levels and hepatic inflammatory 

indexes218. Specifically, butyrate suppresses hepatic oxidative stress by inducing the 

expression of transcription factors Nrf2218 and Foxo3α219, which regulate the production of 

antioxidant peptides like glutathione. Administration of sodium butyrate to mice protects them 

against diet-induced MASH by decreasing steatosis and hepatic inflammation220. This result 

replicated in a subsequent study, where authors observed that the expression of satiety 

hormone glucagon-like peptide-1 was downregulated in the liver of mice with MASLD, and that 

this effect could be reversed through the administration of sodium butyrate, concomitant with 

a reduction in the degree of steatosis221,222. 

A recent experiment with fecal microbiota transplantation (FMT) from healthy to MASH 

mice increased butyrate concentrations in their cecum, as well as increased levels of the 

intestinal tight junction protein Zonula occludens-1. This effect was accompanied by reduced 

steatosis, lower intrahepatic pro-inflammatory cytokines IFN-γ and IL-17, and expression of 

FOXP3223. Also, two clinical trials involving FMT from healthy human donors to obese recipients 

with metabolic syndrome, but without MASLD, reported increased insulin sensitivity and a rise 

in butyrate-producing bacterial species in the recipient´s gut, such as Roseburia intestinalis, 

Eubacterium halii224, Butyrivibrio spp., Clostridium symbiosum and Eubacterium spp.225. 

Bacterial butyrate can be formed through two major terminal reactions (Figure III-5A). 

The first involves a dephosphorylation of butyryl-P, yielding one ATP through a reaction 

catalyzed by a butyrate kinase encoded by buk. In the precursor reaction, butyryl-P is formed 

through a phosphorylation of butyryl-CoA catalyzed by a phosphate butyryl transferase 

encoded by ptb. Butyrate also accumulates after the transfer of a CoA cofactor from butyryl-

CoA to acetate through butyryl-CoA:acetate CoA transferase, encoded by but. This CoA-

transferase pathway also conserves the energy of the CoA bond in the formed CoA-moiety of 
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the co-substrate. Butyryl-CoA is produced from crotonyl-CoA through two different enzymes: 

butyryl-CoA trans-2-oxidorreductase, encoded by fabV, and butyryl-CoA dehydrogenase, 

encoded by bcd. This pathway is further reviewed in the human GM by Louis et al.226. 

We quantified the abundance of these genes in the metagenomic fecal samples of both 

groups across the three MASLD cohorts, as described in Materials and Methods. Our analysis 

revealed that genes involved in the production of butyrate and its precursors, butyryl-P and 

butyryl-CoA, were significantly depleted in the GM of patients with advanced MASLD (Figure III-

5B). Specifically, bcd, but, and fabV were consistently depleted in patients with advanced 

MASLD compared to those with early-stage disease in Cohort 2, and they were depleted in 

cirrhosis patients compared to healthy controls. Among these, the gene fabV was nearly 10-

fold less abundant than bcd and ptb in both cohorts, indicating a minor contribution of this 

pathway in butyryl-CoA synthesis relative to the dehydrogenase route. Additionally, ptb did not 

exhibit significant differences in Cohort 2. Furthermore, gene but was significantly depleted in 

the control group in both cohorts, whereas buk did not show differences in Cohort 2 either. 

Notably, no depletion of butyrate genes was observed in Cohort 1, suggesting that functional 

disruption becomes more apparent with disease progression. 
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Figure 0-5: Abundance of butyrate-producing genes in MASLD. 

(A) Characterization of the terminal reactions involved in the formation of bacterial butyrate from 
crotonyl-CoA. Enzymes, EC numbers, coding genes and KO groups, as well as reaction types, are 
indicated for each metabolic step according to the legend (lower part). (B) Abundance of butyrate-
producing genes in fecal metagenomes from the three cohorts, shown on a logarithmic scale. Boxplots 
represent RPKSM values. Differences in abundances were evaluated using pairwise Mann-Whitney 
tests with Benjamini-Hochberg adjustment for multiple testing. Horizontal facets represent cohorts. 
Left and right facets represent abundances of precursor and terminal coding genes, respectively, as 
described in (A). RPKSM: reads per kilobase per genic size per million reads. (*) p<0.05, (**) p<0.01, (***) 
p<0.001, (****) p<0.0001, ns: non-significant. 

C) SCA-producing genes are increased in MASLD 

Short-chain alcohols (SCAs) are a metabolic family also suggested to regulate GLA 

integrity, with several studies linking GM endogenous alcohol production to MASLD. One of the 

first reports, published over a decade ago, described elevated peripheral blood ethanol and 

increased fecal Escherichia spp. 16S rRNA levels in patients with MASH227. Similar findings 

were reported in a pediatric cohort, where children with MASLD exhibited higher levels of fecal 
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ethanol, Prevotella spp., and Gammaproteobacteria 16S rRNA228. A more recent study showed 

that postprandial peripheral blood ethanol and fecal Lactobacillaceae 16S rRNA levels 

increased in MASH patients after selective inhibition of host ADH229. This effect was reversed 

with broad-spectrum antibiotic treatment. 

In 2019, Yuan and colleagues identified a high-alcohol-producing strain of Klebsiella 

pneumoniae capable of inducing MASLD through ethanol production230. Specifically, they 

found that FMT from a MASH patient containing this strain induced MASLD in healthy mice, 

whereas removing the strain before FMT prevented disease development. Furthermore, ethanol 

produced by this K. pneumoniae strain was shown to disrupt lipid homeostasis in hepatic cells 

and to cause mitochondrial dysfunction, oxidative stress, and the accumulation of reactive 

oxygen species231. These factors are critical to MASH development through their role in lipid 

peroxidation and inflammation232. Additionally, a recent computational study identified a 

positive correlation between the abundance of two fermentative pathways in certain families 

from class Clostridia and fatty-liver disease in patients233. These pathways include the 

production of ethanol from pyruvate and the heterolactic fermentative pathway. 

With this ample evidence, we hypothesized that genes encoding enzymes involved in the 

formation of endogenous SCAs may represent an additional metabolic signature contributing 

to MASLD progression. We focused on ethanol and propanol, which are produced by the 

reduction of their respective aldehydes through ethanol and propanol dehydrogenases. These 

enzymes help to reduce the levels of toxic aldehydes in the GM234,235 and replenish NAD+ levels 

to maintain fermentative growth.  

Bacterial ethanol is formed from acetaldehyde through a fermentative reaction that can 

be catalyzed by 1) an NADH-dependent, bifunctional acetaldehyde-ethanol dehydrogenase 

encoded by adhE, 2) an NADPH-dependent alcohol dehydrogenase encoded by adhB236,237 and 

3) a NADPH-dependent aldehyde reductase encoded by two different genes: ahr and yahK, with 

the corresponding liberation of phosphorylated reducing power in form of NADP+ 238,239. The 

precursor acetaldehyde can be formed from 1) ethanolamine degradation, through a reaction 

catalyzed by ethanolamine ammonia-lyase which is encoded by eutB and eutC genes and 

liberates ammonia as a by-product240, 2) acetyl-CoA, through a fermentative reaction catalyzed 

by bifunctional AdhE and by a CoA-acetylating acetaldehyde dehydrogenase encoded by 
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mhpF241,242, and 3) acetate, through a dehydration catalyzed by aldehyde dehydrogenase B, 

encoded by aldB243 (Figure III-6A, top).  

Bacterial 1-propanol is formed from propionaldehyde through a fermentative reaction 

catalyzed by a propanol dehydrogenase encoded by two different genes: adhP (a propanol-

preferring alcohol dehydrogenase) and pduQ. Propionaldehyde can be generated through two 

distinct reactions: 1) a CoA transference from propionyl-CoA catalyzed by a propionaldehyde 

dehydrogenase encoded by pduP; and 2) a dehydration of 1,2 propanediol catalyzed by a 

propanediol dehydratase composed by three subunits encoded by pduC, pduD and pduE. 

These genes are co-located within the same operon and encode the corresponding enzymes 

responsible for the metabolism of 1,2-propanediol within the propanediol-utilizing (Pdu) 

microcompartment, a bacterial organelle found in certain enteric species244,245 (Figure III-6A, 

bottom). 

We quantified the abundance of genes involved in bacterial SCA formation in the 

metagenomic samples of the three cohorts as described above. The metagenomic profiling 

revealed that genes mhpF and aldB, involved in ethanol production, and yahK and ahr, involved 

in acetaldehyde production, were significantly enriched in the GM of MASLD patients from 

Cohort 1 and Cohort 3 relative to healthy controls. Their abundance also increased with fibrosis 

progression (Figure III-6B). Notably, mhpF and ahr were depleted compared to aldB and yahK 

respectively in all three cohorts.  

All genes involved in the formation of 1-propanol and propionaldehyde were also 

significantly enriched in MASLD patients by more than half order of magnitude, and they 

displayed a stepwise increase with fibrosis severity (Figure III-6C, Supplementary Figure S-III-

5A). Together, these findings reveal a systematic and stage-associated enrichment of genes 

involved in the microbial production of ethanol and propanol in MASLD. 
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Figure 0-6: Abundance of SCA-producing genes in MASLD. 

(A) Characterization of the terminal reactions involved in the formation of bacterial ethanol (top) and 
propanol (bottom). Enzymes, EC numbers, coding genes and KO groups, as well as reaction types, are 
indicated for each metabolic step according to the legend in Figure III-5A. Non-candidate genes are 
colored in grey. (B) Abundance of mhpF, aldB, yahK and ahr genes involved in final reactions from 
pyruvate to ethanol across the three cohorts. (C) Abundance of pduC-E, pduP, pduQ and adhP genes, 
involved in the last reactions from 1,2-propanediol and propionyl-CoA to 1-propanol. Boxplot layout, 
distribution in facets and statistical tests were performed as in Figure III-4B. 

 

D) Genes involved in methane production are decreased in MASLD, 
whereas tor operons driving TMA accumulation are elevated 

Trimethylamine N-oxide (TMAO) is a metabolite derived from the oxidation of 

trimethylamine (TMA), which is produced by the microbial degradation of dietary compounds 

such as choline and L-carnitine. Circulating TMAO levels have also been linked to MASLD 

severity246 and all-cause mortality in MASLD patients247. Higher plasma TMAO levels also 

increase cardiovascular disease risk -a condition associated with MASLD- in both mice248 and 
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clinical patients249. Therefore, we investigated whether microbial genes involved in TMA and 

TMAO metabolism might reveal additional functional disruptions contributing to MASLD 

pathophysiology.  

Methane production in the GM occurs through a two-step process: a simultaneous TMA 

demethylation and CoM methylation, followed by the reduction of methyl-CoM (Figure III-7A). 

TMA originates from choline degradation via the cut operon250 and is oxidized in the liver to 

TMAO by hepatic flavin-containing monooxygenases251. Under anaerobic conditions, TMAO 

can be reduced back to TMA through TMAO reductase I, encoded by torA. This enzyme receives 

electrons from a membrane-bound cytochrome c menaquinol dehydrogenase encoded by 

torC. Together with torD, which encodes a chaperone that protects and matures TMAO 

reductase I, these genes form the torCAD operon, inducible by TMAO. A second anaerobic 

respiratory system, torZY, operates at a lower constitutive expression level and can also use 

TMAO as an electron acceptor, although it is not TMAO-inducible. In this system, torZ encodes 

TMAO reductase II and torY encodes a cytochrome c quinol dehydrogenase. The molecular 

mechanisms of torCAD and torZY operons are further reviewed by Leimkühler et al.252. 

CoM methylation occurs through two well-characterized enzymatic systems: a TMA-

specific (composed of mttC, mtbA and mttB) and a methanol-specific pathway (composed of 

mtaC, mtaA and mtaB)253–255. The final reduction of methyl-CoM to methane is catalyzed by 

methyl-CoM reductase (MCR) I, which is encoded by the mcrBDCGA operon256. MCR I has an 

alternative isozyme termed MCR II, encoded by mrtBGA operon257. The resulting heterodisulfide 

(CoB-S-S-CoM) is then reduced to CoM and CoB by a heterodisulfide reductase encoded by 

operon hdrABC, thereby regenerating both cofactors258. Additionally, methyl-CoM is 

replenished via tetrahydromethanopterin CoM-methyltransferase (encoded by operon 

mtrABCDEFGH), which methylates CoM259. 

Metagenomic analysis revealed that genes encoding MCR I and II, which catalyze the 

reduction of methyl-CoM to methane, were significantly decreased in the GM of MASLD 

patients. Their abundance also declined with disease progression (Figure III-7B). Concordantly, 

hdr and mtr genes, responsible for replenishing CoM and transferring it to a methyl group to 

form the methyl-CoM precursor, were significantly decreased in MASLD and showed a 

progressive depletion with MASLD advancement (Figure III-7C). Interestingly, hdrA was two 

orders of magnitude more abundant than the rest of the genes from the operon. Genes mtbA, 
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mttB, mtaA and mtaB were significantly decreased in MASLD. However, they did not exhibit 

differences between the initial and advanced stages of MASLD (Supplementary Figure S-III-3). 

Notably, the higher abundance of methane-producing genes observed in the healthy group was 

not replicated in Cohort 3. Conversely, bacterial genes involved in TMA regeneration showed 

the opposite trend. The torCAD and torZY operons were significantly increased in the GM of 

MASLD patients, and their abundance increased with fibrosis severity (Figure III-7D, 

Supplementary Figure S-III-5B). These findings suggest a metabolic rerouting in the GM favoring 

TMA regeneration over methane synthesis, which may contribute to increased hepatic TMAO 

load and pro-inflammatory signaling in MASLD. 

Finally, we quantified the abundance of five USCGs, as described in Materials and 

Methods, to confirm that observed differences in genic abundance between sample groups 

were truly associated with the MASLD phenotype and not confounded by biological variability 

or spurious technical artifacts related to the quantification method. No significant differences 

were found in gene abundance across groups for any USCG in any of the three cohorts 

(Supplementary Figure S-III-4). 

 

 



   

80 
 



   

81 
 

 
Figure 0-7: Abundance of methane and TMA-producing genes in MASLD. 

(A) Characterization of the terminal reactions involved in the formation of microbial methane. Enzymes, 
EC numbers, coding genes and KO groups, as well as reaction types, are indicated for each metabolic 
step according to the legend annexed to Figure III-5A. (B) Abundance of genes encoding methyl-CoM 
reductase genes (mcr, MCR I; mrt, MCR II) across cohorts. (C) Abundance of genes encoding CoB-CoM 
heterodisulfide reductase (hdr) and tetrahydromethanopterin S-methyltransferase (mtr), involved in 
cofactor regeneration and methyl-CoM replenishment, respectively. (D) Abundance of tor operons 
(torCAD and torZY). Facets represent genic operons. Boxplot layout and statistical tests were conducted 
as in Figure III-4B. 

 

E) Candidate metabolic genes are accessory in the GM 

Although this analysis identifies A. rectalis and multiple metabolic genes involved in the 

formation of butyrate, SCAs, TMAO and methane as consistent taxonomic and functional 

signatures associated with MASLD, these markers alone are not sufficiently robust to establish 

a causal link between GM composition and the MASLD phenotype. GM bacterial species have 

pleomorphic genomes, consisting of up to thousands of genomically distinct strains that share 

a conserved genetic core but possess an accessory genome that is highly variable among 



   

82 
 

them84,260. This accessory genome is often encoded in plasmids and other MGEs which are 

subject to frequent changes and can readily transfer between different bacterial strains165,261. 

To test whether the observed metabolic shifts reflect conserved traits or strain-specific 

variability, we assessed whether candidate metabolic genes involved in MASLD are core or 

accessory across some of the most abundant human GM genomes. Genome selection and 

genic presence were determined as described in Materials and Methods. Briefly, the presence 

of a target gene in a clade was defined as the percentage of strains encoding it, classifying it as 

core if found in >80% of congeneric or conspecific genomes, as accessory if found in 20-80%, 

and as highly accessory if present in <20% genomes.  

Most of the selected GM genera (n=24) belong to class Clostridia, specifically to orders 

Lachnospirales and Oscillospirales (Figure III-8A). Butyrate-producing genes from the butyryl-

CoA pathway (bcd and but) were core in nearly half of these genera, while those from the 

butyryl-P pathway (ptb and buk) were core only in Flavonifractor, Clostridium and 

Coprococcus. Notably, butyrate-producing genes were highly accessory across several genera, 

including Lachnospira, Ruminococcus_B and E, Ruthenibacterium, Blautia, Fusicatenibacter, 

Dorea, and Mediterraneibacter, and were completely absent in Ruminococcus_C and D. In 

contrast, acetaldehyde and ethanol-producing genes were highly accessory across all genera 

except Streptococcus, an heterolactic genus that constitutively encoded aldhB in all its 

genomes (specifically in S. salivarius and S. thermophilus, Figure III-8B) and exhibited 

moderated presence (20-80%) of yahK/ahr. The acetaldehyde-producing gene mhpF was 

nearly absent in the GM, except for a few genomes of Flavonifractor and Agathobacter. 

Propionaldehyde and propanol-producing genes from the pdu operon were core in three 

genera: Ruminococcus_B (R_B. gnavus), Anaerobutyricum (A. hallii) and Flavonifractor (F. 

plautii), although pduE was unexpectedly absent in Ruminococcus_B. These genes were highly 

accessory in Blautia (B. wexlerae), Streptococcus, Medierraneibacter or Agathobacter (A. 

rectalis). Importantly, A. hallii and F. plautii were the only species encoding both core butyrate 

and propanol-producing genes. 

Note that the nomenclature used in the UHGG follows the Genome Taxonomy Database 

standards, which redefine taxonomic ranks based on genome-wide phylogenetic analyses262. 

As a result, traditional genera such as Ruminococcus and Clostridium, which were found to be 

polyphyletic (i.e., composed of species that do not share a single common ancestor) are split 
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into multiple monophyletic clades (e.g., Ruminococcus_A, Ruminococcus_B or 

Clostridium_Q).  

Beyond their presence within GM pangenomes, we also assessed the presence of 

candidate metabolic genes in plasmids to evaluate their potential for HGT. Genes involved in 

ethanol formation such as aldhB, yahK and ahr were among the most widely distributed, being 

present in hundreds of different plasmids and thus suggesting high mobility (Figure III-8C). In 

contrast, butyrate-producing genes (fabV, but, ptb, and buk) and propanol-related genes (pduC, 

pduD, pduE, pduP, and pduQ) were found in far fewer plasmids, further supporting the idea that 

these pathways are more strain-specific and chromosomally encoded across GM genomes. A 

notable exception was bcd, which was broadly present across both chromosomal and 

plasmid-encoded sequences. These findings reinforce the idea that non-essential metabolic 

functions, especially ethanol production, are often encoded in MGEs, contributing to their 

accessory nature within the GM. 

 

 

 

 

 



   

84 
 

 

 



   

85 
 

 

Figure 0-8: Presence of candidate metabolic genes in the human GM. 

(A-B) Heatmap showing the presence of candidate genes associated with MASLD across some of the 
most abundant clades in the human GM. The x-axis represents genes associated with butyrate and 
SCAs production, as well as USCGs. The y-axis lists the bacterial clades inspected. Gene presence is 
expressed as the percentage of (A) congeneric or (B) conspecific genomes encoding each target gene. 
Colors indicate genic presence: black for core genes (>80% of genomes), dark blue for accessory genes 
(20-80% genomes), light blue for highly accessory genes (<20% genomes) and white for genes 
completely absent in the clade. Hierarchical clustering was applied to the y-axis to group genera (top) 
based on gene-presence similarity. (C) Distribution of candidate genes across RefSeq200 annotated 
plasmids. Bars represent the number of distinct plasmids encoding at least one copy of each gene. 
Purple dots indicate the HMM size in amino acids. 

4. Discussion 
MASLD is a liver pathology influenced by multiple contributing factors, and the GM has been 

long suspected to play a role in its progression. Numerous studies have tried to ascribe a 

causality between GM composition and MASLD, but taxonomic signatures in key GM clades, 

such as Blautia and Roseburia spp., have been inconsistently associated with MASLD 

progression193. These issues may be linked to the use of 16S rRNA-based profiling in 

metataxonomic studies, which frequently lacks resolution at species and strain level23.  
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However, the heterogeneity concomitant to bacterial genomes poses another possible 

cause for the lack of association between disease progression and the taxonomic distribution. 

Bacterial genomes are highly plastic, and strains from the same species often harbor different 

genes, many of which are involved in different metabolic pathways84. Fermentative pathways in 

lactobacilli, for example, are often strain-specific263, and the products of the enterobacterial 

mixed acid fermentation also exhibit wide variability between strains264. If MASLD progression 

is linked to the metabolic functions of the GM, then the association between the disease and 

the taxonomic profile may be obscured by the inherent metabolic diversity of bacterial species. 

To study these potential alternatives, we followed two distinct strategies.  

To identify species associated with MASLD and overcome the limitations of 16S rRNA 

analysis, we utilized multiple marker genes for taxonomic classification, in an attempt to 

provide a more comprehensive view of microbial abundances in health and disease states. 

Using MetaPhlan, we profiled the taxonomic composition of the GM in metagenomic fecal 

samples of healthy and MASLD donors across three independent cohorts. We identified 28 

bacterial genera shared across all cohorts (Figure III-4A), collectively accounting for 30-60% of 

the total GM abundance (Figure III-4B). Among these, five candidate genera -Gemmiger, 

Streptococcus, Mediterraneibacter, Ruminococcus and Agathobacter (Figure III-4D)- and two 

species, Agathobacter rectalis and Bacteroides uniformis (Figure III-4E), exhibited consistent 

differences in their relative abundance between groups across all the cohorts. These taxa rank 

among the most abundant clades in the GM (Figure III-4C, Supplementary Figure S-III-1). 

However, only Agathobacter rectalis showed statistically significant differences. Given its high 

abundance in the GM, its consistent abundance trend at both genus and species level, and its 

significant depletion in MASLD, A. rectalis emerges as a robust taxonomic marker for the 

disease (Supplementary Figure S-III-2). 

Although this observation has been previously reported169,191, this result should be 

interpreted with caution due to ongoing debates in bacterial nomenclature, as A. rectalis is a 

newer designation that has replaced Eubacterium rectale174. Updates in taxonomic 

assignments pose challenges, as newer species or genera may not be consistently reflected 

across different databases or studies262,265. Moreover, taxonomic classifications themselves, 

whether based solely on 16S rRNA or on multiple markers, limit our ability to reliably infer GM 

changes. Bacterial genome plasticity, driven by MGEs, can blur the lines of taxonomy-



   

87 
 

phenotype associations, as they contribute to a vast strain-level diversity84 that remains 

undetected by taxonomic profiling methods. In fact, we have previously reported that geno-

metabolic shifts in GM propionate production associated with inflammatory bowel disease do 

not align with species-level variations266. These findings are further extended in Annex I. 

GM associated metabolism contributes to MASLD by disrupting GLA integrity. For this 

reason, we focused on identifying abundance differences in the genes responsible for 

producing metabolites potentially implicated in MASLD across several patient cohorts, i.e., 

butyrate, SCAs, TMA and methane. We isolated the GM gene families encoding the enzymes 

involved in the biosynthesis of these metabolites and aligned them against the metagenomic 

samples to quantify their abundance. Butyrate-producing genes are depleted in the GM of 

MASLD patients (Figure III-5B), particularly those involved in the crotonyl-butyryl CoA axis: fabV 

(butyryl-CoA oxidoreductase), bcd (butyryl-CoA dehydrogenase) and but (butyryl-CoA:acetate-

CoA transferase) (Figure III-5A). These differences were more pronounced in MASLD-related 

cirrhosis. 

While ptb and buk were also higher in control groups, their levels did not differ significantly 

between initial and advanced MASLD groups within Cohort 2. This finding is consistent with the 

notion that the CoA transfer pathway is the predominant route for butyrate production in the 

GM, as previously reported267. The subtler differences in ptb and buk in Cohort 2 may reflect a 

consistent MASLD phenotype across different fibrosis stages, potentially influenced by the 

smaller sample size relative to Cohort 3. Additionally, two other enzymes -structured as two-

subunit systems-, can transfer CoA from different cofactors to butyrate to produce butyryl-

CoA: butyryl-CoA:acetoacetate-CoA transferase (encoded by atoD and atoA, EC 2.8.3.9) and 

acetate CoA-transferase (encoded by ctfA and ctfB, EC 2.8.3.9) (Figure III-5A). These were not 

included in this study since they catalyze the reverse reaction, consuming butyrate to form 

butyryl-CoA268. 

Contrarily, genes involved in the formation of ethanol and propanol through connected 

fermentative reactions are generally increased in MASLD (Figure III-6). Specifically, genes mhpF 

and aldB -encoding two aldehyde dehydrogenases that produce ethanol-, and yahK and ahr -

encoding two NADPH-dependent aldehyde reductases that form acetaldehyde- are 

significantly increased in the GM of MASLD patients compared to the healthy groups (Figure III-

6B). Genes involved in the production of 1-propanol structured in operon pdu are also 
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increased in MASLD (Figure III-6C, Supplementary Figure S-III-5A). Specifically, pduCDE -

encoding a propanediol dehydratase-, pduP -encoding a propionaldehyde dehydrogenase- and 

pduQ and adhP -encoding two distinct propanol dehydrogenases-. The pronounced differential 

abundance of these propanol-producing genes, organized in the pdu operon and adhP, which 

have been largely unexplored in the context of liver disease, suggests that 1-propanol produced 

in bacterial microcompartments may play a more significant role than ethanol in MASLD onset 

and progression. 

The abundance of genes in the TMA-methane metabolic axis is also disrupted in MASLD. 

Genes involved in methane formation (Figure III-7A) are depleted in the GM of individuals with 

the pathology. This reduction includes both MCR I and II coding-genes (Figure III-7B), which 

reduce methyl-CoM to methane and mtr, hdr (Figure III-7C), and Mtb / Mta-coding genes 

(Supplementary Figure S-III-3), dedicated to regenerating methyl-CoM. Conversely, TMAO-

reductive genes, organized in the torCAD and torZY operons and responsible for regenerating 

TMA under anaerobic conditions, are increased in MASLD (Figure III-7D, Supplementary Figure 

S-III-5B). These results suggest that methane production is impaired in MASLD. The opposing 

trend in the abundance of tor operons further indicates that this impairment stems from a 

metabolic bottleneck that leads to TMA accumulation instead of its conversion to methyl-CoM, 

effect that is driven by TMAO reductases I and II.  

Taken together, these results reveal a geno-metabolic alteration associated with MASLD, 

characterized by an increase in genes involved in the production of SCAs and TMA, and a 

concurrent depletion of genes responsible for butyrate and methane production (Figure III-9). 

We confirmed that differences in gene abundance were driven by the MASLD phenotype by 

showing no differences in USCG abundance between groups (Supplementary Figure S-III-4). 

These findings support the hypothesis that the accumulation of endogenous alcohols may 

represent a key metabolic feature of MASLD, occurring alongside the displacement of butyrate-

producing taxa, as previously proposed200. Moreover, the observed decrease in A. rectalis 

abundance partially explains the reduction in butyrate levels, as this organism is a known GM 

butyrate producer174. 



   

89 
 

 
Figure 0-9: Geno-metabolic alterations associated with MASLD. 

Schematic representation of GM gene shifts in MASLD, highlighting pathways for butyrate, SCAs, TMA 
and methane production. Genes involved in the production of ethanol, propanol and TMA are increased 
in MASLD (top), whereas those associated with butyrate and methane are decreased (bottom). Dark 
blue boxes indicate the catalytic genes with altered abundance in each metabolic step. 

Notably, results obtained at the single-gene level using curated gene families were 

partially reproduced with the whole-metagenome approach applied to random sub-cohorts, 

particularly for genes involved in the TMA-methane metabolic axis and propanol production 

(Supplementary Figure S-III-5). This partial overlap supports the accuracy of the single-gene 

analysis. However, the lack of complete concordance may be attributed either to the reduced 

sample size in the co-assemblies or to mismatches between our custom gene families and the 

broader KO annotations required to detect the same functional signals. 

We found that metabolic genes associated with MASLD exhibit a highly accessory profile 

within the GM (Figure III-8). Butyrate-producing genes are accessory in nearly half of the most 

abundant GM genera, while SCA-producing genes display an even more pronounced accessory 

pattern (Figure III-8A). Among the two main butyrate biosynthesis routes, genes from the 

butyryl-CoA pathway are more pervasive in the GM than those from the butyryl-P pathway. 

Phocaeicola and Bacteroides -the two most abundant GM genera- were excluded from this 

analysis due to a limited number of high-quality genomes passing our completeness filters, 
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despite their extensive genomic representation in the UHGG. Interestingly, the two key genes in 

the butyryl-CoA pathway (bcd and but) are core in A. rectalis (Figure III-8B). Nonetheless, some 

strains of this butyrate-producing species also harbor genes for ethanol and propanol 

production, which our findings suggest may contribute to MASLD onset. This highlights a 

critical point: taxonomic signatures alone are insufficient for associating bacterial clades with 

disease. Genome plasticity introduces substantial strain-level metabolic variability in the GM, 

leading to distinct phenotypic traits even within the same species: an effect well-documented 

in both pathogenic and commensal E. coli strains269,270. 

Further supporting their mobility, metabolic genes are frequently encoded in plasmids 

(Figure III-8C). Among these, ethanol formation genes (aldhB, yahK, and ahr) are the most 

widely distributed, while butyrate- and propanol-related genes are found in plasmids less 

frequently. Since non-essential, adaptive metabolic pathways are often encoded in plasmids 

across many bacterial species270–272, their presence likely drives phenotypic differences in 

MASLD without altering the overall species composition detected by conventional 

metataxonomic marker genes. If MASLD is actually driven by bacterial metabolism, strains 

from different species, but harboring similar metabolic pathways, may produce similar liver-

impacting metabolites, potentially contributing to MASLD pathogenesis regardless of their 

specific taxonomic position. 

This study has several limitations. First, although gene abundance provides a useful proxy 

for functional potential, it does not directly measure metabolic activity. Integration with 

metatranscriptomic or metabolomic data would provide complementary insight into gene 

expression and metabolite production. Second, while our findings provides cross-cohort 

evidence of functional shifts in MASLD, it does not establish causality. Experimental validation 

through microbial isolation, gnotobiotic animal models, or gene knockout approaches, would 

be needed to clarify mechanistic roles. Finally, host-related factors such as diet, medication 

use, and genetic background -each of which may influence the abundance and activity of 

candidate metabolic genes- were not fully accounted for and warrant further investigation. 
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5. Conclusions 
Our study reveals that MASLD is marked by distinct geno-metabolic alterations in the GM 

that are not captured by conventional taxonomic profiling. Specifically, we observed an 

increase in genes involved in the production of SCAs and TMA, coupled with a depletion of 

genes responsible for butyrate and methane production. These results confirm previous 

findings and suggest a broader metabolic shift that may contribute to the pathogenesis of 

MASLD, with the displacement of beneficial butyrate-producing taxa such as Agathobacter 

rectalis. Importantly, our work underscores the value of analyzing metagenomes at the gene 

level to extract phenotypic signatures beyond what 16S rRNA-based or marker gene-based 

approaches can offer. By integrating metabolic pathway analysis with the isolation of specific 

gene families, and by examining gene abundance, accessory gene profiles and plasmid-

mediated gene mobilization, we have significantly advanced our understanding of bacterial 

metabolism in MASLD. This comprehensive approach not only enhances our understanding of 

the microbial etiology of MASLD, but also paves the way for improved bacterial analyses in 

clinical settings, offering new avenues for diagnosis and therapeutic intervention in liver 

pathologies. 
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6. Supplementary material 

 

Supplementary Figure S-III-1. Top abundant GM species (average absolute abundance >0.2%). 

 

Supplementary Figure S-III-2. Agathobacter rectalis abundance across MASLD stages. 
Abundances are shown on a logarithmic scale. Median values per group are connected by a red dashed 
line. Differences in abundance were evaluated using pairwise Mann-Whitney tests with Benjamini-
Hochberg adjustment. Samples from all three cohorts were pooled, with individuals grouped into four 
clinical stages. 
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Supplementary Figure S-III-3. Abundance of Mtb and Mta-complex genes in MASLD. Boxplot 
organization and statistical tests were conducted as in Figure III-4B.  

 

Supplementary Figure S-III-4. USCG abundance in MASLD. Abundance of universal, single-copy 
marker genes in the three cohorts. Boxplot organization and statistical tests were conducted as in Figure 
III-4B. argS encodes for the arginyl-tRNA synthetase, dnaA encodes for the chromosomal replication 
initiator protein DnaA and rpoA/B/C encode, respectively, the alpha, beta and gamma subunits of the 
DNA-directed RNA polymerase. 
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Supplementary Figure S-III-5. Abundance of candidate KO groups in MASLD. Heatmaps represent 
KOs involved in the (A) propanol-formation and (B) TMA-methane metabolic pathway in sub-cohorts 3 
and 1, respectively. KO abundance is expressed in tags per million (TPM), in log2 scale. x-axis indicates 
samples from both comparison groups and y-axis indicates KO groups, EC numbers, and associated 
gene and enzyme names according to KEGG. Only KOs with log fold-change >2 and a p-adjusted <0.05 
are represented. KOs were predicted from the co-assembled sub-cohorts with SqueezeMeta. 
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1. Introduction 
ARGs have emerged as a critical global health threat due to their role in disseminating 

antibiotic-resistant pathogenic and commensal bacteria, which, in turn, causes failures in 

treating infectious diseases and contributes to a significant percentage of human deaths 

worldwide273. Their widespread occurrence in human and farm settings leads to a heavy load 

of ARGs in the waste products of human activity274. Antibiotic misuse and overuse in clinical 

settings, combined with the contamination of natural environments through human effluents, 

are major drivers for the accumulation of these resistance determinants275,276. Residual 

wastewater from anthropogenic environments serves as a reservoir for these contaminants, 

making aquatic ecosystems particularly vulnerable to ARG pollution277,278. Consequently, ARGs 

have come to be regarded as emerging pollutants, with their presence documented even in 

areas remote from direct human activity, such as pristine rivers279 and Antarctica280. 

ARGs spread occurs through HGT, mainly by the dissemination of conjugative plasmids 

between bacteria that belong to different taxonomic groups. This mechanism has been 

documented across different environments such as soil281,282, wastewater treatment plants283, 

farms284, or the human GM285. A critical factor in assessing the risk posed by ARG contamination 

in global ecosystems is the mobile potential of these genes through HGT. It is widely recognized 

that ARGs found in conjugative plasmids and integrative and conjugative elements (ICEs) 

represent a greater risk of dissemination. However, the plasmid content of oceans, rivers and 

terrestrial ecosystems remains far less studied than that of the GM. Recent findings have 

revealed the existence of marine plasmids (MAPs) with global distribution and a broad host 

range286,287. These MAPs are capable of transmitting ARGs over intercontinental distances and 

may even reintroduce them into the human food chain via marine products, mirroring the 

mobilization of seaweed-degrading genes from oceans to the human GM288,289. 

Although ARGs have been suggested to accumulate in the ocean290, their dissemination 

routes, contamination levels in indigenous marine bacterial populations, and overall severity of 

this contamination remain unclear291,292. While ultransensitive methods like PCR have been 

extensively employed to detect specific ARGs, these approaches have several limitations. First, 

the typically small number of samples may not adequately represent entire ecosystems293. 

Additionally, uneven sampling across geographic regions can affect the generalizability of 

results and must be considered when making global comparisons293. PCR-based studies also 
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tend to focus on a limited set of ARGs, overlooking the broader resistome present in a given 

environment122,126. In contrast, metagenomic samples are difficult to compare quantitatively 

within and between studies, given the vast differences in microbial complexity and sequencing 

coverage133,136. 

Plasmids can be studied in environmental samples through de novo assembly of 

metagenomic sequencing data derived from diverse biomes, such as the GM294, groundwater295 

or marine environments296. Computational tools like Recycler297, metaplasmidSPAdes298 or 

SCAPP299 facilitate the recovery of plasmid sequences from metagenomic samples. However, 

the recovery of complete plasmids -particularly large ones- from short-read based 

metagenomic assemblies remains challenging300. First, plasmid DNA typically constitutes only 

a minor fraction of the total genetic material in environmental samples. This reduces the 

probability of recovering full plasmids from sequencing libraries with insufficient coverage or 

from metagenomic assemblies with short average contig lengths, although plasmid DNA 

enrichment protocols can partially overcome this limitation301. Second, plasmids often share 

gene synteny and homology with other MGEs and bacterial chromosomes. This phylogenetic 

and molecular complexity leads to the formation of convoluted assembly graphs and increases 

the risk of generating chimeric sequences during de novo assembly. 

Alternatively, plasmid sequences can be identified from metagenomic contigs through 

reference-based classification using tools such as PlasFlow302, PlasClass303, or PlasX261. These 

supervised machine-learning approaches, however, face challenges due to potential bias in 

training sets, which are often under-represented in non-clinical plasmids. This bias limits 

classification accuracy -particularly for short plasmids, which contain fewer genes-, as it 

defines molecular signatures in the database that may differ from those of candidate plasmids. 

Additionally, the presence of chromosomes with signatures similar to those of plasmids in the 

training set can result in false positives. ICEs within genomes further complicate the 

differentiation between chromosomes and plasmids, as they also encode plasmid-signature 

genes involved in functions like mobilization or conjugation.  

The relaxase (RLX) is the protein that recognizes and cleaves the origin of transfer in a 

plasmid, initiating DNA transfer by conjugation (Figure IV-1). It is the only essential component 

of the mobilization machinery (MOB), that is shared by all transmissible elements304. This way, 

the RLX serves as a proxy for a given conjugative system and its abundance, and it can be used 
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to classify mobilizable and conjugative plasmids305,306. Currently, nine MOB classes encompass 

the RLX phylogenetic diversity307. Additionally, plasmid taxonomic units (PTUs) are 

characterized by a particular, conserved MOB class. Specifically, RLXs within the same PTU 

share >95% average nucleotide identity165. 

 

Figure 0-1: RLX organization and function in transmissible plasmids.  

The RLX is the only element in common among all conjugative transmissible plasmids. R: RLX; T4SS: 
type IV secretion system; T4CP: type IV coupling protein; oriT: origin of transfer. MOB: mobilization 
typing. MPF: mating pair formation system. Figure adapted from Smillie et al.304. 

Although the aforementioned computational tools have substantially improved our ability 

to identify plasmids in metagenomic contigs, their accuracy is insufficient for performing 

quantitative analyses. In contrast, measuring RLX abundance in environmental metagenomes 

can provide insight into the relevance of conjugation as a mechanism for HGT in these settings. 

In this Chapter, we used the RLX genes as proxies to determine the distribution and prevalence 

of MAPs and other elements transmissible by conjugation, thereby circumventing the limitation 

of identifying complete plasmids in metagenomes. We compared ocean microbiomes 

worldwide with those from fluvial systems, agricultural land and sewage ecosystems, as well 

as those of the gastrointestinal tracts from both marine and terrestrial mammals. To do so, we 
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analyzed the abundance and distribution of RLXs in almost 51,000 marine MAGs and in a large 

collection of whole-metagenomic sequencing samples sourced from diverse databases. We 

developed unbiased estimators of gene abundance that account for variations in sequencing 

depth and quality. We also interrogated these samples for the abundance of ARGs and plasmid 

content by using recently published HMM protein profiles of MGEs. 

2. Materials and methods 

 

Figure 0-2: Overview of the methodology used in Chapter II. 

Diagram summarizing the full bioinformatic pipeline for processing paired-end metagenomic samples: 
from data retrieval, read quality control and de novo assembly of contigs to downstream analysis of 
gene abundance and MGEs. Blue arrows indicate the workflow progression, and software tools are 
shown in italicized black beneath each arrow. Filtering steps are highlighted in pink boxes. Red labels 
refer to subsections (A-H) in Materials and Methods for detailed descriptions.  

A) Metagenome-assembled genomes 

We retrieved a collection of 50,866 marine MAGs generated from seawater samples via 

the MGnify FTP repository308. As the aim of our study was to understand the prevalence of 

bacterial RLXs, we removed 5,242 archaeal MAGs from the initial dataset. In addition, we 

obtained two separate sets of GM MAGs: 3,972 from the pig GM and 13,386 from the chicken 

GM. Furthermore, we incorporated the 289,232 human GM MAGs from the UHGG84. All MAGs 

had >50% genome completeness and <5% contamination (Supplementary Figure S-IV-3), 
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according to defined quality standards58. All data were downloaded between October 2022 and 

June 2024. The following numbers of archaeal MAGs were removed from each batch: 51 (pig 

GM), 26 (chicken GM) and 1,170 (human GM). Metadata for these MAG collections is provided 

in their corresponding “genomes_all_metadata.tsv” files, located in their individual MGnify 

sub-folders. Taxonomic annotation of all MAGs was performed using the Genome Taxonomy 

Database265. This integrated collection of MAGs was subsequently used to examine and 

compare the prevalence of marine RLXs (Figure IV-3A), the distribution of their MOB classes 

across marine environments and the GM of higher vertebrates (Figure IV-3B), and the taxonomic 

distribution of MOB+ MAGs in each biome (Figure IV-3C). 

B) Metagenomic sequencing libraries 

A total of 354 marine metagenomic sequencing libraries from the Tara Oceans project309 

were downloaded to quantify the abundance of marine RLXs (Figures IV-4 and IV-5) and ARGs 

(Figure IV-8), and to classify contigs by their molecular origin (Figure IV-10). These samples, 

collected between 2009 and 2013 at various locations and depths across every ocean 

(Supplementary Figure S-IV-4), were obtained from the supplementary materials of Paolli et 

al.91.  

To compare marine data with that from other environments, we downloaded 319 

metagenomic fluvial samples previously employed for constructing the GMGC, a recently 

published global prokaryotic gene catalogue310. These samples, encompassing both pristine 

and agriculturally/urban-impacted sites, were filtered to retain only 82 libraries with a minimum 

of 0.5 million reads and an average read length >251 bp, while discarding the rest due to low 

library size and/or inadequate quality. Geographic metadata was not available for these 

samples. 

Additionally, 219 cultivated-land metagenomic samples collected worldwide from 

different sampling sites and depths (Supplementary Figure S-IV-4) were downloaded from the 

SMAG catalogue93. These data were filtered to include only samples labeled as “Agricultural 

Land” and the selection was limited to three samples per unique longitude/latitude to avoid the 

over-sampling in regions such as China, the United States or Australia, that was present in the 

original article. Finally, we downloaded 215 urban, untreated sewage samples collected in 

multiple cities worldwide as part of the Global Sewage study311 (Supplementary Figure S-IV-4). 

For comparative analysis with the GM of non-marine and marine mammals, we also retrieved 
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100 metagenomic samples from the feces of healthy patients recruited in the IBDMDB project 

(https://www.ibdmdb.org/)97 and a set of 4 metagenomic samples from the whale colon312, 

excluding 7 non-colonic samples to ensure a consistent comparison of microbial 

compositions. All samples were downloaded using the corresponding accession numbers 

indicated in the original articles (Table IV-1) with fastq-dump166, as detailed in the Materials and 

Methods section of Chapter I. All data were downloaded between March 2022 and June 2024.  

Biome N samples Reference Project SRA accession number 

Ocean 354 91 Tara Oceans 
PRJEB1787, PRJEB1788, 

PRJEB9740 

Rivers 82 310 GMBC PRJNA287840 

Soil 215 93 SMAG PRJNA983538 

Sewage 219 311 Global Sewage study 
PRJEB27621, PRJEB40798 
PRJEB40815, PRJEB40816 

Whale GM 4 312 NA PRJEB23642 

Human GM 100 97 IBDMDB PRJNA398089 

Table 0-1: Environmental metagenomic datasets analyzed in Chapter II. 

Each biome (column 1) comprises N metagenomic samples (column 2), derived from various studies 
(column 3) and organized in specific named projects (column 4). Metagenomic data and geographical 
metadata were retrieved from the indicated SRA accession numbers (column 5). 

C) Quality control of metagenomic reads and de novo assembly 

Sequencing reads were trimmed to remove Illumina adapter remnants and low-quality 

regions (Q<25) using BBDuk from the BBTools suite (version 37.62)171. Read quality was 

checked with FastQC (version 0.12.1)172 and summarized using MultiQC (version 1.22.3)173. 

High-quality reads were de novo assembled with MEGAHIT (version 1.2.9)48. Contigs shorter 

than 500 bp were removed from further analysis, as recommended in similar studies93,313. The 

sequencing coverage of each contig was recorded as a proxy for its abundance. 

D) Relaxase and USCG prediction in MAGs and contigs 

Prodigal (version 2.6.3)182 was used to predict the ORFeome of each MAG, identifying 

proteins longer than 180 amino acids. The total number of such proteins in each MAG collection 

was as follows: 75,084,856 (marine), 473,416,701 (human GM), 5,254,668 (pig GM) and 

19,944,528 (chicken GM). For metagenomic contigs, we also applied MetaProdigal (i.e., using 

the “-p meta” option) to leverage pre-trained models for ORF prediction50. This resulted in the 

https://www.ibdmdb.org/
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following number of proteins >180 amino acids per biome: 272,179,219 (ocean), 1,487,797 

(rivers), 250,173,651 (agricultural soil), 144,333,274 (sewage), 791,183 (whale GM) and 

6,968,311 (human GM). The coverage of each contig was assigned to all derived ORFs them as 

a measure of their absolute abundance within the metagenome.  

Then, we extracted the RLXs encoded in the predicted ORFeomes using MOBscan 

(version 1.0.0), which compares sequences to a set of HMMs corresponding to nine MOB 

classes314. ORFs were classified as putative RLXs when HMM coverage was >60%, E-value was 

<0.01 and the i-E-value was <0.01. The 180-residue threshold corresponds to approximately 

60% of the size of the HMMs integrated into MOBscan, ensuring that a hit on any protein reaches 

at least the minimum RLX length, which is approximately 300 residues. The same protocol was 

applied to five USCGs of similar size to RLXs, used as controls, with their corresponding HMMs 

retrieved from TIGRFAMs315 (Table IV-2).  

USCG Encoded protein Protein size (aa) TIGRFAM HMM 

argS arginyl-tRNA synthetase 577 TIGR00456.1 

dnaA chromosomal replication initiator protein DnaA 467 TIGR00362.1 

pheS alpha subunit of the phenylalanyl-tRNA synthetase 327 TIGR00468.1 

rpoA alpha subunit of the DNA-directed RNA polymerase 329 TIGR02027.1 

trpB beta chain of the tryptophan synthase 397 TIGR00263.1 

Table 0-2: USCGs analyzed in Chapter II. 

E) Validation of the ORF quantification method 

To evaluate the accuracy of the method used for quantifying ORFs in metagenomes, four 

synthetic communities of diverse complexity were constructed by randomly selecting and 

downloading closed genomes from RefSeq20021 (Table IV-3). For each community, 

metagenomic paired-end Illumina reads were simulated using InSilicoSeq (version 2.0.1)316, 

which reproduces the quality profiles and error patterns (substitutions, insertions and 

deletions) of HiSeq and NovaSeq platforms through kernel-density estimators and 

precomputed error models. A corresponding abundance file was generated for each 

community, specifying the relative abundance (scaled from 0 to 1) of each genome. Both 

sequencing platforms were included to assess the impact of platform-specific error profiles on 

assembly quality and gene recovery.  
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Synthetic community N genomes N chromosomes N plasmids 

A 500 611 434 

B 250 264 221 

C 100 109 69 

D 25 28 19 

Table 0-3: Genomic composition of the synthetic communities. 

Each mock community was constructed with a decreasing number of randomly selected genomes from 
RefSeq200. Individual genomes may contain multiple chromosomes and/or plasmids, contributing to 
the total counts reported. 

Simulated reads were quality-controlled and de novo assembled into contigs >500 bp, 

as described in Section IV-2C. The sequencing coverage of each contig was recorded as a proxy 

for its abundance. ORFs were predicted on the assembled contigs using MetaProdigal50, 

retaining those >180 residues, and RLXs were further identified as described in Section IV-2D 

(Supplementary Figure S-IV-16). Each ORF was assigned the coverage of its parent contig, 

representing its absolute abundance in the metagenome. 

To establish the ground truth for ORF abundance, Prodigal182 was used to predict ORFs 

and RLXs >180 amino acids from the original genome sets used to simulate the reads. Each 

ORF predicted in a genome was then assigned the relative abundance of its source genome, as 

defined in the InSilicoSeq abundance files. This provided a measure of genomic relative 

abundance for each ORF (Figure IV-9). 

F) Relaxase clustering and phylogeny 

We merged all the metagenomic RLXs with those annotated in RefSeq20021, extracted 

their first 300 amino acids corresponding to the RLX domain, and clustered them using CD-hit 

(version 4.8.1)51 with >90% identity. The protein sequences of the RLXs from each class were 

aligned with MAFFT (version 7.271)177 with option “--maxiterate 1000”, and the multiple 

alignments were trimmed using trimAl (version 1.5.0)317, removing sequences with >50% gaps 

by using option “-gt 0.5”. The phylogenetic analyses were performed on the resulting multiple 

alignments using IQ-TREE (version 2.0.3)178 with the ultrafast bootstrap option (1000 

bootstraps)179 to assess branch support. The best fitting model for each class of RLX was 

estimated using ModelFinder Plus180, according to the Bayesian information criterion (Figure IV-

7, Supplementary Figures S-IV-9 to15). 
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G) Antibiotic-resistance gene prediction 

NCBI AMRFinder (version 4.0.3) was applied to identify antimicrobial resistance in the 

metagenomic contigs using the nucleotide ARG database from NCBI318. A restrictive threshold 

of 99% minimum identity and coverage was applied for ARG detection, considering only 

predictions that met these criteria as valid ARGs. This approach was designed with the purpose 

of investigating only the presence of known, annotated ARGs prevalent in clinical isolates, 

aiming to identify proteins with a confirmed role in resistance against specific substrates. The 

goal was to exclude proteins from families with divergent functions that do not provide 

resistance to the same substrates. Additionally, we retained the ARG family annotation 

information to facilitate downstream analyses and ensure consistent classification of these 

resistance determinants. 

H) Detection of plasmid-specific sequences 

The geNomad tool (version 1.5.2)319 was used to classify the metagenomic contigs from 

all the microbiomes according to their molecular origin. Briefly, this tool catalogues biological 

sequences based on gene content by comparison against a marker set of 227,897 protein 

profiles specific to plasmids, viruses, or chromosomes. Some of these profiles contain 

hallmark markers related to core functions, such as conjugation genes for plasmids and capsid 

proteins for viruses. We used an average profile-specificity measure of 0.9 as threshold to 

assign a molecular origin to a contig (Figure IV-10). 

I) Detection of prevalent marine plasmids 

We aimed to assess whether the pLA6_012 and pP72_e plasmids, pervasive in the ocean 

and previously described286,287, could be identified in the marine metagenomes from the Tara 

Oceans Expedition. To do this, we used BLAST+ (version 2.15.0)139 to align the oceanic contigs 

against the pLA6_012 plasmid (GenBank accession number CP031597.1) and the pP72_e 

plasmid (GeneBank accession number CP010740.1). We filtered the matching contigs to retain 

only those aligning with >99.9% identity, an E-value=0 and an alignment length >4,000 bp 

between plasmid and contig. We used BRIG (version 0.9.5)320 to visualize the resulting aligned 

contigs as ringed, circular graphs (Supplementary Figure S-IV-8). 
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J) R packages and statistical analysis 

Data manipulation was performed using R (version 4.1.3) and the tidyverse package 

(version 1.3.2)183. Figures were generated with the R packages ggplot2 (version 3.4.2)184 and 

ggpubr (version 0.6.0)185. Mann-Whitney tests with a Benjamini-Hochberg adjustment for 

multiple testing were applied on the global Prlx (Figure IV-4B) and the rpc from the five 

environments (Figure IV-10B) to assess the significance of the differences. Statistical analyses 

and graphical representation on the plots were conducted using the R package rstatix (version 

0.7.2)187. Phylogenetic trees were rooted using the “midpoint.root” function from phytools 

package (version 2.1.1)321 and represented using ggtree (version 3.2.1)322. 

  

3. Results 

A) Relaxases are infrequent in marine bacterial genomes 

To inspect the prevalence of RLXs in marine genomes and their distribution in the 

different MOB classes, we used Prodigal182, as described in the Materials and Methods section, 

to predict the ORFs encoded in a filtered collection of 45,624 marine bacterial MAGs and in 

three additional bacterial MAG datasets from the GM of superior vertebrates, which were used 

for comparison: 288,062 MAGs from humans, 3,921 from pigs and 13,360 from chickens. From 

the ORF collections, we predicted the RLXs by using MOBscan314, as detailed in Materials and 

Methods. Only 5,515 marine MAGs (12.1%) contained at least one RLX, while 163,779 (56.9%), 

1,296 (33.1%) and 5,971 (44.7%) human, pig and chicken GM MAGs were, respectively, MOB+ 

(Figure IV-3A). This represents a large difference in abundance that is unlikely to be due to 

chance. Additionally, we obtained the MOB-class distributions in the marine and the GM MAGs 

and observed remarkable differences between them. Namely, although class MOBP was 

ubiquitous across both biomes, marine MAGs were enriched in classes MOBB and MOBF 

compared to GM MAGs, as well as MOBC and MOBH to a lesser extent. On the contrary, they 

were depleted in classes MOBV and MOBT (Figure IV-3B).  

As recently suggested, plasmid-driven gene transfer occurs mainly within bacterial 

orders165. Hence, we investigated the taxonomy of these MAGs and MOB distribution at order 

level to explore differences between both biomes. MAG taxonomic composition was 

significantly different between the oceans on one side, dominated by orders Flavobacteriales, 
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Pseudomonadales and the SAR86 clade, and the GM on the other, colonized by anaerobic 

Oscillospirales, Lachnospirales and Bacteroidales (Figure IV-3C).  

The few marine RLXs were mainly distributed across MAGs from Rhodobacterales, 

Flavobacteriales and Pseudomonadales, while they were present to a lesser extent in 

Enterobacterales and Actinomycetales. MOB+ MAGs from each order were encompassed 

within a single bacterial family. However, those from order Pseudomonadales and 

Enterobacterales were distributed across multiple families (Supplementary Figure S-IV-1). We 

also observed that, with the exception of Pseudomonadales and Enterobacterales, each 

bacterial order was predominantly associated with a specific MOB class, in addition to the 

ubiquitous MOBF and MOBP classes (Supplementary Figure S-IV-2).  

To ensure a fair comparison between the four collections of MAGs, we verified their 

average similarity in genomic length, completeness and contamination, following standardized 

metrics57. MAGs from the four datasets had an average length of 2.2 Mbp and were <1% 

contaminated (Supplementary Figure S-IV-3). However, whereas average completeness of GM 

MAGs was 90%, that of marine MAGs dropped below 85%. These differences in genomic 

completeness may translate to an underestimation of the real number of marine RLXs, leading 

to an imprecise inference of mobilization by conjugation in the sea323.  

Another uncertainty that could further contribute to this imprecision is the potential 

sampling bias. In fact, there are numerous challenges that complicate plasmid recovery by 

MAG reconstruction from metagenomic contigs through short-read binning strategies. 

Metagenomic binning groups contigs from the same source genome based on their similar 

relative abundance and nucleotide composition. However, plasmids may have different copy 

number and sequence distribution compared to chromosomes, making them difficult to 

recover in a MAG324.  

Long-read sequencing methods can be used as an alternative to extract them from 

microbial communities325, although these methods have been reported to miss small plasmids 

(i.e., <10 kilobases) unless used in hybrid-assembly strategies with Illumina libraries326. 

Notably, some of the RLXs detected in the MAGs could originate from ICEs, as stated before. 
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Figure 0-3: Distribution of RLXs in marine and vertebrate GM MAGs. 

(A) Proportion of MAGs colored by biome and MOB presence. Bars represent the total number of MAGs 
from each dataset. The shaded part of the bars corresponds to the proportion of MOB+ MAGs (i.e., MAGs 
encoding a RLX) in each biome, whereas the clearer part of the bar corresponds to the proportion of 
MOB- MAGs. The total number of MAGs from each biome is indicated below the x-axis. (B) Proportion of 
MOB+ MAGs in each biome split and colored by MOB class. MAGs with multiple RLXs from the same or 
different MOB classes were counted only once per class. (C) Taxonomic composition of the bacterial 
MAGs analyzed in this study as annotated in MGnify. Bars represent the absolute abundance of MAGs 
from each bacterial order, colored by class. As in panel A, the shaded part of the bars corresponds to 
the proportion of MOB+ MAGs in each order. Orders encompassing <3% of the total MAGs were removed 
for visualization purposes. 

B) Relaxases are scarce in aquatic ecosystems  

To establish a precise measure of RLX abundance in the ocean and bypass the 

limitations encountered in MAG-based analyses, we studied 354 marine metagenomic 

sequencing libraries from samples collected across all oceans by the Tara Oceans 

Expedition309 (Supplementary Figure S-IV-4). We performed quality control of the sequencing 

reads, assembled them de novo into contigs, and then predicted their complete ORFeomes 

and RLXs as described in Materials and Methods. To accurately capture the absolute 

abundance of each ORF within a metagenomic sample, we weighted each ORF by the 

sequencing coverage of the contig on which it was encoded.  

We represented RLX abundance as the probability of an ORF being a RLX, i.e., Prlx=p(RLX 

| ORF), and we compared these results with the same probability in rivers, agricultural soils, 

sewage and in the GM of marine and non-marine mammals (i.e. whales and humans) (Table IV-

1). The following numbers of RLXs were predicted in each dataset: 8,062 (ocean), 157 (rivers), 

21,155 (soil), 113,945 (sewage), 1,084 (whale GM) and 11,942 (human GM). Results revealed 

that RLXs are markedly depleted in the ocean (Prlx=2.4E-05) compared to other environments. 

Specifically, RLX levels in the ocean were over 50-fold lower than in the sewage (Prlx=1.7E-03), 

and over 100-fold lower than in both whale (Prlx=2.8E-03) and human GM (Prlx=4.1E-03) (Figure 

IV-4B). In addition, RLX abundance in cultured lands (Prlx=1.5E-04) was only about 6-fold higher 

than in the sea, whereas fluvial ecosystems (Prlx=3.6E-05) exhibited nearly the same abundance 

as marine environments. Differences in RLX abundance between ocean, sewage and human 

GM were mainly driven by the MOBP, MOBV and MOBQ classes (Supplementary Figure S-IV-5). 

In the human GM, PMOBP=4E-03 and PMOBV=8.5E-04, that is, two and three orders of magnitude 

higher than in the ocean, respectively. 
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To confirm that abundance differences between environments were not due to technical 

issues derived from the metagenomic assemblies, we analyzed the abundance of multiple 

USCGs, applying the same HMM coverage and E-value thresholds as described above (Table 

IV-2). Analogously, we defined their abundance as the probability of an ORF being a USCG, i.e., 

Puscg=p(USCG | ORF). As expected, we observed minimal variation in Puscg across all USCGs and 

environments (average Puscg=2.4E-04, Figure IV-4A). Protein prediction in short-read-based 

metagenomic assemblies is constrained by both the sizes of the recovered contigs and the 

ORFs detected within them, so the number of proteins predicted in contigs is directly 

proportional to their size. To evaluate whether our detection method was biased towards 

detecting short RLXs in the metagenomic data, we predicted Prlx in bins of increasing ORF size. 

We determined that the average size of the RLXs predicted by MOBscan in the metagenomes 

analyzed in this study was 353 residues, whereas the average ORF size was 289 (Figure IV-5), 

confirming the precision of the methodology. 
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Figure 0-4: RLX and USCG prevalence in the metagenomes. 

Violin-boxplots represent (A) Puscg and (B) Prlx in each biome. Differences in Prlx were evaluated using 
pairwise Mann-Whitney tests. The horizontal, black-dotted line across both plots indicates the average 
Puscg across all USCGs and environments. In panel B, the horizontal, red-dotted line marks the minimum, 
non-zero Prlx in the metagenomic samples. Horizontal black bars represent median levels, colored to 
match the corresponding violin plots for ocean, river and soil biomes. Boxes and whiskers indicate the 
data from first to third quartiles and from the quartiles to the minimum and maximum, respectively. 
Sizes of the USCG-encoded proteins and the total number of samples analyzed from each biome are 
indicated below the x-axes. (*) p<0.05, (***) p<0.001, (****) p<0.0001, ns: non-significant. 

 

Figure 0-5: RLX prevalence in the metagenomes, by ORF size. 

Line plots represent (A) the total number of ORFs and (B) RLXs predicted in each bin from every biome, 
normalized by the total number of ORFs and RLXs from all biomes, respectively. x-axis is split in bins of 
size=180+10n residues, where n is the bin number (starting by bin0=180). Data points were smoothed 
through a LOESS regression, and confidence intervals were removed for better visualization. Vertical 
dashed lines indicate the average ORF (black) and RLX (red) sizes, respectively. Over 95% of both the 
ORFs and the RLXs detected in this study were <630 residues, so we chose this threshold as the upper 
ORF-size limit also for visualization purposes. LOESS: locally-estimated scatterplot smoothing.  
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Similarly to the MAG analysis, we investigated which bacterial orders were predominant 

in the metagenomic samples. To do this, we used Kraken (version 2.1.2)35 to align the contigs 

against the “standard” Refseq database collection, including Archaea, Bacteria, virus and 

plasmids (version 06/05/2023). In agreement with the taxonomic analysis at MAG level, orders 

Flavobacteriales, Pseudomonadales and Pelagibacterales were predominant in the ocean. In 

contrast, the sewage was populated by several Gammaproteobacteria orders, while fluvial and 

soil ecosystems were colonized by multiple orders from Actinomycetia, as well as some 

Gammaproteobacteria. As observed previously, the order Bacteroidales and class Clostridia 

were predominant in both the whale and human GM, which, not surprisingly, were also found 

in sewage (Figure IV-6).  

 

Figure 0-6: Taxonomic composition of bacterial contigs. 

Boxplots represent the percentage of classified bacterial contigs from the metagenomic assemblies 
attributed to each order, colored by class. Orders ascribed with <1% of the total classified contigs, in 
average, were removed for visualization purposes. OTU: operational taxonomic unit. 
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C) Oceanic relaxases are phylogenetically diverse 

To further investigate the evolutionary relationship of oceanic RLXs with those of the 

other biomes, we clustered the metagenomic RLXs from all MOB classes but MOBT with those 

annotated in RefSeq20021,165 and performed phylogenetic analyses as detailed in Materials and 

Methods. The MOBB RLX tree showed two differentiated clades, one enriched in GM MOBB RLXs 

and the other one in marine MOBB RLXs (Figure S-IV-7). This clear phylogenetic separation 

between both samples contrasts with the broader distribution of MOBB RLXs from sewage and 

agricultural soil. The tree also showed that oceanic MOBB RLXs are mainly located in 

chromosomes. Similarly, oceanic MOBM RLXs primarily clustered with chromosomal 

representatives, but were sparsely distributed throughout the tree and intermixed with RLXs 

from soil and sewage (Supplementary Figure S-IV-12).  

 

Figure 0-7: Phylogenetic tree of MOBB RLXs. 

The tree was built using 646 MOBB RLXs with maximum likelihood with IQ-TREE178 (model Q.yeast+R8 
according to BIC and 1000 ultrafast bootstraps). RLXs were retrieved with the MOBB HMM profile from 
MOBScan314 from the metagenomic samples as detailed in Material and Methods, and those annotated 
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in RefSeq200165. Ultrafast bootstrap values superior to 75 are shown with a light grey circle and values 
superior to 90 with a black circle. Blue branches indicate RLXs from marine origin, whereas grey 
branches indicate the rest of RLXs. The trees were rooted using the midpoint root, as detailed in Material 
and Methods. The inner heatmap indicates the biome where each RLXs was detected, and white tiles 
correspond to RLXs from RefSeq200. The outer heatmap indicates the genomic source where each RLX 
has been annotated in RefSeq200, and white tiles from this heatmap correspond to RLXs detected in 
metagenomes. Evolutionary distance of the branches is indicated next to the heatmap. 

 
Contrary to the specialization of oceanic MOBB RLXs, MOBC, MOBF, MOBH, MOBP, MOBQ, 

and MOBV from marine samples were widely distributed in their respective phylogenetic trees 

(Supplementary Figures S-IV-9 to 11 and Supplementary Figures S-IV-13 to 15). Most of MOBC, 

MOBH, and MOBF RLXs were located in clades where chromosomal representatives are more 

prevalent, while oceanic MOBQ, MOBV, and MOBP RLXs were more evenly distributed across 

both chromosomal and plasmid contexts. Although marine RLXs from these six MOB classes 

were generally grouped in mixed clades with RLXs from other biomes, some clades were 

relatively enriched in oceanic RLXs. Interestingly, clades containing plasmid-derived oceanic 

MOBF and MOBH from a plasmid origin also included RLXs from sewage. MOBP, MOBQ, and 

MOBV trees showed a pronounced abundance of RLXs from sewage sources, consistently with 

Supplementary Figure S-IV-5, resulting in an intermingled grouping of oceanic and sewage 

RLXs. 

D) Antibiotic resistance genes are depleted in the ocean 

The RLX analysis described above allowed us to obtain a broad picture of the relevance 

of MAP mobilization dynamics. To further understand the dissemination of ARGs in the ocean, 

we studied ARG abundance in the metagenomic samples with AMRFinder318 as detailed in 

Materials and Methods. Analogously as Prlx, ARG abundance was represented as the probability 

of an ORF being an ARG, i.e., Parg=p(ARG | ORF). We observed that ARGs were, in average, 

depleted in ocean, rivers and soil (Parg=0), while similarly abundant in sewage (Parg=4E-04) and 

the human GM (Parg=4.5E-04) (Figure IV-8A). No ARGs were detected in the whale GM samples.  

Additionally, we profiled the ARG family composition in each biome by determining the 

absolute number of ARGs per family based on AMRFinder annotations. For each sample, we 

recorded whether it contained at least one representative of an ARG family. To focus on the 

most common ARG families, we retained only those present in at least 20% of samples in at 

least one biome, and we observed environment-specific ARG family patterns (Figure IV-8B). In 
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the human GM, predominant ARG families were tet (tetracycline-resistance), mef (macrolide-

resistance), lnu (lincosamide-resistance), erm (macrolide–lincosamide–streptogramin B 

resistance), dfr (trimethoprim-resistance), cfxA and cblA (β-lactamases), and ANT(3) 

(aminoglycoside-resistance). Notably, cblA, although prevalent in human GM, was almost 

absent in sewage. In contrast, blaTEM and blaOXA were present at only low levels in marine, 

river, and soil samples but were highly prevalent in sewage. Furthermore, several ARG families, 

including tet, sul1 and sul2 (both sulfonamide-resistance genes), blaTEM, APH(6) and APH(3) 

(aminoglycoside phosphotransferases), and ANT(3), were commonly detected in both soil and 

sewage samples. Overall, while ARGs were present to some extent in the human GM but almost 

depleted in aquatic environments, the findings demonstrate that sewage samples are 

particularly enriched with a diverse array of ARG families. This underscores the significant 

anthropogenic impact on the dissemination of clinically relevant antimicrobial resistance 

determinants across different biomes. 
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Figure 0-8: ARG prevalence and composition in the metagenomes.  

(A) Boxplots represent ARG prevalence, expressed as Parg, in each biome. A close-up panel displays 
kernel density estimates of Parg values for oceans, rivers and agricultural soils. In the close-up, the x-axis 
represents p(ARG|ORF) -the proportion of predicted ORFs annotated as ARGs-, and the y-axis shows 
the estimated density, reflecting the relative frequency of Parg values across samples within each biome. 
The horizontal, black-dotted line across both the main plot and the close-up indicates the y-axis limit 
included in the close-up. No ARGs were detected in the whale GM samples. (B) ARG family composition 
in each biome. Bars represent the fraction of metagenomic samples encoding at least one ARG from 
each of the families indicated on the y-axis. The shaded portion of each bar corresponds to the 
proportion of ARG+ samples from each family in each biome. Only ARG families present in at least one 
biome with >20% ARG+ samples were kept for visualization purposes. 
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E) Genomic and metagenomic ORF abundances are correlated 

To determine how accurately ORF abundances were estimated in a microbiome, we 

identified reciprocal best hits between genomic and metagenomic ORFs in synthetic microbial 

communities using the easy-rbh function from MMseqs (version 15.6)52. ORFs predicted by 

Prodigal from each reference genome were compared against ORFs predicted by MetaProdigal 

from assembled contigs. Alignments were filtered to retain only high-confidence matches with 

100% identity and alignment lengths between 180 and 630 amino acids, corresponding to the 

expected size range for RLXs (Figure IV-5). Additionally, only ORF pairs with identical amino acid 

lengths were kept. This stringent filtering yielded a set of one‐to‐one perfect matches, pairing 

theoretical genomic ORF abundances with observed metagenomic ORF quantities (i.e., 

estimated from the coverage of their parent contigs). Because genomic ORF abundances were 

expressed as relative values and metagenomic ORF counts as absolute values, the latter were 

rescaled to the [0,1] range using min-max normalization (Equation IV-1) to enable direct 

comparison between the two abundance estimates. 

𝑿𝒔𝒄𝒂𝒍𝒆𝒅 =
𝑿 − 𝒎𝒊𝒏(𝑿)

𝒎𝒂𝒙(𝑿) − 𝒎𝒊𝒏(𝑿)
            and           𝜟𝒂𝒃𝒖𝒏𝒅𝒂𝒏𝒄𝒆 = |𝒙(𝒈𝒆𝒏𝒐𝒎𝒊𝒄) − 𝒙𝒔𝒄𝒂𝒍𝒆𝒅

(𝒎𝒆𝒕𝒂𝒈𝒆𝒏𝒐𝒎𝒊𝒄)
| 

Equation IV-1: Min-max normalization and abundance difference calculation. 

Metagenomic ORF abundance values were scaled to the [0,1] interval using min-max normalization 
(left). The absolute difference (∆abundance) between each matched ORF pair was then computed to 
quantify the discrepancy between genomic and metagenomic abundance estimates. 
 

Figure IV-9 shows the distribution of ∆abundance across all reciprocal best-hit ORF pairs. 

Most ORFs cluster around ∆= 0, indicating strong concordance between metagenomic 

abundance estimates based on contig coverage and the known genomic relative abundances. 

A minor tail of slightly larger ∆ values likely reflects cases of assembly fragmentation or 

coverage bias, particularly in low-abundance genomes. Overall, the narrow distribution 

centered around zero supports our ORF quantification approach, suggesting that contig 

coverage serves as a valid proxy for true genomic ORF abundance. Unexpectedly, the error 

distribution broadens for the lowest-complexity community (D), suggesting reduced estimation 

accuracy under these conditions. 
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Figure 0-9: Comparison between genomic and metagenomic ORF abundances. 

Distribution of ∆abundance values, defined as the absolute difference between normalized genomic and 
metagenomic ORF abundances, across all reciprocal best-hit ORF pairs in the mock communities. 
Genomic ORF abundances were derived from the known relative abundance of the source genomes, 
while metagenomic ORF abundances were estimated from assembler-reported contig coverage. To 
allow direct comparison, metagenomic ORF abundances were rescaled to the [0,1] range using min-
max normalization (Equation IV-1). Each panel represents a synthetic community, and each facet shows 
the sequencing coverage and the number of matched ORF pairs. The percentage of original genomic 
ORFs that were successfully recovered from the community is also indicated. 
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F) Plasmid-specific sequences are limited in the sea 

The relative lack of RLXs and ARGs in the marine assemblies led us to hypothesize that 

MAPs were infrequent in the sea. To test this, we classified the metagenomic contigs of all the 

microbiomes according to their molecular origin with geNomad319. Plasmid content was half 

an order of magnitude lower in the ocean compared to the rest of the environments (Figure IV-

10A). Proportions of molecular sequences were constant across every biome except for viral 

load, which was unsurprisingly high in the ocean327,328. The ratio plasmid-contig/chromosome-

contig (rpc) is significantly lower in the ocean (rpc=2.1E-03) than in the rivers (rpc=5E-03), the 

soil (rpc=3.5E-03), the human GM (rpc=0.013), the sewage (rpc=0.024) and was also lower, 

although not significantly, in the whale GM (rpc=7.1E-03) (Figure IV-10B).  

 

Figure 0-10: Genomic content classified by molecular origin in the metagenomes. 

(A) Boxplots represent the ratio between the absolute abundance of metagenomic contigs predicted as 
plasmid, viral or chromosomal, and the total number of contigs in each biome, shown on logarithmic 
scale. (B) Boxplots represent the ratio between the absolute abundance of plasmid and chromosomal 
contigs (rpc). The horizontal, red-dotted line across panel B indicates the minimum, non-zero rpc value 
in the metagenomic samples. Differences in rpc between biomes were evaluated using a pairwise 
Mann-Whitney test. (*) p<0.05, (****) p<0.0001, ns: non-significant. 
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4. Discussion 
In this work, we describe the abundance of plasmids in the oceans, their specificities 

compared to terrestrial plasmids, and the associated risk of ARG dissemination. To this end, 

we studied a set of marine MAGs to examine the distribution of RLXs (the gene proxy for 

plasmids) in oceanic bacteria. Only 12% of them encode a RLX, a notably lower fraction 

compared to 57%, 33% and 45% MOB+ human, pig, and chicken GM MAGs, respectively (Figure 

IV-3A). Specifically, MAPs are highly enriched in MOB classes MOBB, MOBF, MOBC and MOBH; 

and depleted in classes MOBV and MOBT (Figure IV-3B). A novel MOBF MAP was recently 

discovered in a computational reconstruction of plasmids from marine metagenomic 

samples296, enhancing the relevance of this MOB class in the sea. Additionally, MOB+ MAGs 

from both biomes show a similar proportion of MOBP RLXs.  

Their bacterial composition at order level is also entirely different (Figure IV-3C). The sea is 

enriched in genomes from Flavobacteriales, Pseudomonadales and SAR86, which is an 

abundant, non-photosynthetic Gammaproteobacteria in the global surface ocean329 which 

remained uncultured until very recently330. Marinisomatales, Rhodobacterales, 

Pelagibacterales, photosynthetic PCC-6307 and Acidimicrobiales are also abundant marine 

clades absent in the GM. On the contrary, this environment is mainly populated by anaerobic 

Oscillospirales, Lachnospirales and Bacteroidales that thrive as commensal bacteria of the 

GM from superior vertebrates, as described in Chapter I (Figures III-4 III-8). 

The low amount of RLXs found in marine MAGs is distributed across Flavobacteriales, 

Pseudomonadales and Rhodobacterales, as well as Actinomycetales and Enterobacterales 

(Figure IV-3C). These results indicate that the low RLX prevalence and differential MOB 

distribution in the ocean are strongly associated with a distinct bacterial taxonomic 

composition. Marine MOB+ genomes within each bacterial order are generally restricted to a 

single family, with the exceptions of Pseudomonadales and Enterobacterales, whose MOB+ 

MAGs are distributed across multiple families (Supplementary Figure S-IV-1). MOB+ genomes 

from these orders are scattered across multiple families, which indicates that marine, 

conjugative clades are diversified in these orders. Additionally, most bacterial orders are 

associated with a specific MOB class, except MOBF and MOBP, which are present across many 

orders (Supplementary Figure S-IV-2). An overview of NCBI bacterial database RefSeq200 

further revealed that there are almost no annotated MOBB plasmids (Supplementary Figure S-
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IV-7), although we observe that they are an important RLX class in marine Flavobacteriaceae 

and SAR86 (Supplementary Figures S-IV-1 and 2). These differences highlight the 

underrepresentation of MAP annotation in public, curated databases.  

The lower completeness of marine MAGs analyzed in this study (Supplementary Figure S-

IV-3), their potential sampling bias, and the difficulties to identify plasmids in MAGs led us to 

study metagenomic assemblies from the Tara Oceans Expedition to understand RLX 

prevalence in the ocean (Supplementary Figure S-IV-4). By establishing a probabilistic measure 

of RLX abundance (Prlx), we observed a significant depletion of marine and terrestrial RLXs 

relative to sewage and mammal GM by two orders of magnitude (Figure IV-4B). This deficiency 

is primarily attributed to lower counts within MOB classes MOBP, MOBV and MOBQ 

(Supplementary Figure S-IV-5). Concordantly, the lower number of MOBV+ MAGs in the ocean 

compared to the GM observed in Figure IV-3B correlates with the lower PMOBV in this 

environment.  

In contrast, USCG abundance remains remarkably consistent across biomes, with an 

average Puscg=2.4E-04 (Figure IV-4A), corresponding to roughly one USCG per 4000 ORFs. For 

comparison, approximately 8 and 16 correspond to RLXs in sewage and human GM, 

respectively. Moreover, while RLX abundance varies by two orders of magnitude among 

environments, USCG abundance displays far less variation. Additionally, marine RLXs are 

phylogenetically diverse (Figure IV-7, Supplementary Figures S-IV-9 to 15). Together, these 

findings confirm that the marked depletion of RLXs in marine environments is a specific feature 

that does not extend to the overall ORF composition, thereby reinforcing the robustness of our 

analysis. 

There are several notable features in the quantification analysis of the metagenomic 

samples. First, we observed a wide dispersion of RLX abundance in sewage metagenomes 

(Figure IV-4B). This is probably due to the high heterogeneity of bacterial content present in the 

human-derived effluents of the different cities, each subjected to different conditions and 

hygienic standards (Supplementary Figure S-IV-4). Second, the higher abundance of RLXs in 

the sewage and GM metagenomes compared to that of USCGs may reflect the presence of high 

copy-number plasmids in these environments. Additionally, the Prlx and Puscg values of all 

USCGs measured in rivers showed greater dispersion compared to other environments, likely 

due to the poorer assembly metrics obtained in this biome (Figure IV-4).  
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And third, we validated the robustness of the Prlx measure used in this study against 

metagenomic contig fragmentation, as evidenced by the higher Prlx found among longer ORFs 

that compose a lower fraction of the total metagenomic ORFs (Figure IV-5). This is summarized 

by the different average ORF and RLX sizes detected in the assemblies. Hence, the RLX domain 

structured in HMM profiles from MOBScan proves to be conserved enough to reliably quantify 

RLXs in metagenomic contigs assembled from short reads. Figure IV-5B also highlights 

discordant size distributions between RLXs from the GM and the rest of the environments. 

Specifically, pronounced peaks of the regression curves in whale and human GM at 360 

residues contrast with the smoother curves for the other biomes. This distinction is most likely 

due to the different compositional and biological diversity of both biomes, coupled to their 

disparate microbial heterogeneity (Figure IV-6) and global Prlx (Figure IV-4).  

We also confirmed that pLA6_012286 and pP72_e287 plasmids, recently described as 

pervasive in the ocean, are identified within the marine metagenomes (Supplementary Figure 

S-IV-8). Specifically, two contigs from different samples contain the complete sequence of 

pLA6_012. This control finding indicates that the metagenomic samples from the Tara Oceans 

Expedition are a valid dataset for MAP prediction.  

Notably, using the RLX as a proxy for bacterial conjugation has the caveat of excluding the 

fraction of plasmids that are non-mobilizable and non-conjugative. While this limitation may 

lead to an underestimation of the total plasmid pool, previous studies -primarily focused on 

human-associated microbiomes- suggest that the contribution of non-mobilizable plasmids to 

the propagation of ARGs is relatively minor331–333. More broadly, recent evidence indicates that 

the vast majority of known ARGs across environments are typically encoded on mobile, broad-

host range plasmids334. 

To evaluate whether this trend holds across diverse ecosystems, we complemented MAP-

based mobilization results based on RLX analysis with an assessment of antimicrobial 

resistance dispersion in marine environments. To do so, we interrogated the same 

metagenomic samples about the abundance of ARGs with an analogous probabilistic 

measure: Parg. Our results show that ARGs are virtually depleted in natural aquatic 

environments, but they reach their maximum levels in sewage and the human GM (Figure IV-

8A). ARG levels are equally depleted in rivers and agricultural soil, and the minimal ARG content 

observed in the ocean is not transmitted to whales. Notably, river and soil outlier samples 
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exhibited Parg levels similar to those in human GM and sewage. These results confirm previous 

observations reporting that water and soil ARG abundance, expressed as ARGs per 16S rRNA, 

were 2 orders of magnitude lower compared to human GM, whereas ARG abundance in human 

GM and sludge (which is probably similar in its composition than sewage) were around 0.17 

and 0.26 copies of ARG per 16S rRNA, respectively135.  

Analysis of ARG family composition uncovered distinct environment-specific patterns 

(Figure IV-8B). Notably, the sewage is markedly enriched in a diverse collection of ARG families 

compared to other biomes. Among these, only three but clinically relevant ARG families -

blaTEM, blaOXA (beta lactam resistance-genes), and ANT(3) (macrolide resistance-genes)- are 

detected in four out of five biomes. Also, tet (tetracyclin resistance-genes), erm, APH(3) and 

APH(6) (macrolide resistance-genes) are found in several soil metagenomic samples. The 

presence of tet as the most abundant ARG family in the human GM has already been 

observed135. In fact, most of these ARG families have been previously categorized as 

widespread in multiple environments135. This pattern underscores the significant impact of 

anthropogenic activities on the propagation of antimicrobial resistance. Furthermore, among 

freshwater samples, only 4 are ARG-positive, with 3 of them containing 6 copies of blaOXA. 

ARG-positive soil samples (Parg >2E-04) are predominantly located in eastern China (n=4), 

Mexico (n=2), and the US (n=2), and ocean ARG-positive samples are heterogeneously 

distributed across the globe (Supplementary Figure S-IV-6). 

To further validate our ORF quantification approach, applied through the Prlx and Parg 

metrics, we conducted a controlled experiment using synthetic communities with known 

genome compositions and relative abundances (Table IV-3, Supplementary Figure S-IV-16). The 

resulting distribution of ∆abundance values, defined as the absolute difference between 

normalized genomic and metagenomic ORF abundances, was tightly centered around zero 

(Figure IV-9). This narrow distribution confirms that our method reliably recovers expected ORF 

abundances and supports the use of contig coverage as a valid proxy for true genomic ORF 

abundance in metagenomic samples. 

We also extended the analysis of the RLX and ARGs in the metagenomic samples as 

predictors of MAP deficiency by classifying the metagenomic contigs through a set of recently 

published protein profiles characteristics of MGEs319. These marker sets include genes 

commonly associated with plasmids, such as those encoding conjugation proteins, secretion 
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systems and proteins involved in quorum sensing and motility. We observed that the rpc is 

significantly lower in the oceans than in the human GM and the sewage by one order of 

magnitude (Figure IV-10B), confirming that viral content is higher in the ocean compared to the 

rest of the environments (Figure IV-10A)327,328. This means that MAP depletion could be an 

evolutionary consequence of the high prevalence of viruses, as it is known that plasmids are 

targeted by very diverse phages335. In any case, this result indicates that oceans are relatively 

free of plasmids, and they behave as different HGT platforms from the rest of microbiomes. It 

is worth noting that geNomad is subject to the same limitations of plasmid-signature based 

identification methods discussed previously. Consequently, some of the contigs identified as 

plasmids may originate from ICEs. 

In summary, our results indicate that marine microbial ecosystems are, at present, largely 

free of plasmids and of the ARGs they disseminate. Thus, they will not be a significant source 

of antibiotic resistance threats in the coming years. On the contrary, sewage waters are 

enriched in RLXs (Figure IV-4), ARGs (Figure IV-8), plasmids (Figure IV-10) and multiple bacterial 

orders (Figure IV-6). Because PTUs circulate within bacterial orders, sewage is a key 

environment for investigating ARG transmission through bacterial conjugation and its potential 

interconnection with other aquatic, less anthropized environments. For instance, both rivers 

and sewage share two gammaproteobacterial orders: Burkholderiales and Pseudomonadales, 

with the latter also found in the ocean. This taxonomic overlap enables plasmids to potentially 

mediate ARG transfer across ecosystems via shared bacterial hosts. Importantly, some 

plasmids with broad host-range can transfer between bacterial species from different orders or 

even classes. For instance, PTU-P1 plasmids have high host-range and are predominantly 

associated with species from the order Burkholderiales165, which are well represented in 

sewage (Figure IV-6). Burkholderia spp. participates in PTU exchange networks that link all 

relevant enterobacterial species with other Gammaproteobacteria from the order 

Pseudomonadales165. This example suggests a potential conduit for ARG dissemination across 

taxonomic and environmental boundaries. For this reason, a One-Health approach should 

rather concentrate on studying these taxa on the aforementioned environments, including 

coastal waters, which are more heavily contaminated with ARGs, as potential sources of 

resistance threats for humans and domestic animals. 
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5. Conclusions 

Our analysis reveals a fundamental difference in HGT dynamics between oceanic 

environments and more anthropogenically influenced biomes. By using the RLX gene as an 

effective proxy for plasmid distribution and abundance in both genomes and metagenomes, 

we demonstrate that marine ecosystems exhibit a notably reduced presence of conjugative 

plasmids and associated ARGs. This finding suggests that ARG contamination in the ocean 

remains in its early stages of spread via plasmid-mediated conjugation, potentially due to the 

relative scarcity of MGEs necessary for their dissemination. However, it is important to note 

that conjugative plasmids are not the sole vectors of HGT. Phages, which are highly abundant 

in marine ecosystems, may also contribute to ARG dissemination via transduction. Additional 

work is needed to evaluate the role of phage-mediated transfer and other MGEs, such as ICEs, 

in driving ARG mobility in the ocean.  

In contrast, the abundance of RLX genes, ARGs, and plasmid sequences in human sewage 

represents a significant source of resistance gene contamination, posing a risk of altering 

environmental resistomes through punctual pollution events. Aquatic and terrestrial 

ecosystems may sporadically present ARG levels comparable to those observed in sewage, 

which underscores the importance of continuously monitoring these environments. In 

summary, the use of RLX genes as a proxy for quantifying plasmid abundance reinforces our 

understanding of differential HGT dynamics across biomes and highlights the use of targeted 

metagenomic approaches for advancing this understanding. 
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6. Supplementary material 

 

Supplementary Figure S-IV-1. Taxonomic distribution of marine, bacterial MOB+ MAGs. Bars 
represent the absolute abundance of MAGs from each bacterial family, colored by order. Orders 
encompassing <3% of the total MAGs were removed for visualization purposes. 

 

Supplementary Figure S-IV-2. Abundance of marine, MAG-encoded RLXs. Bars represent the 
absolute abundance of RLXs from each MOB class in the most abundant MOB+ marine bacterial orders, 
represented across x-axis. Minor MOB classes from the MAGs of each bacterial order were excluded for 
visualization purposes. 
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Supplementary Figure S-IV-3. Bacterial MAG quality. The measured parameters are genomic length, 
completeness and contamination. Horizontal black bars represent median levels, while boxes and 
whiskers represent the data from first to third quartiles and from the quartiles to the minimum and 
maximum, respectively. 

 

Supplementary Figure S-IV-4. Geographic distribution of metagenomic samples. Dots indicate 
samples from the Tara Oceans Expedition, the SMAG catalogue and the Global Sewage study. Color and 
size indicate biome and number of samples analyzed in each location, respectively. 
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Supplementary Figure S-IV-5. RLX prevalence in metagenomes, by MOB class. Boxplots represent 
Prlx in each biome. No RLXs from class MOBT were predicted in the ocean contigs. 

 

Supplementary Figure S-IV-6. Geographic distribution of the marine and soil metagenomic 
samples. Red dots represent ARG(+) samples, established as those with Parg >2E-04.  
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Supplementary Figure S-IV-7. Distribution of RLXs in closed genomes. Bars represent the absolute 
abundance of RLXs from the RefSeq200 genomic collection, split and colored by MOB class. The 
shaded part of the bars corresponds to the number of MOB+ MAGs, whereas the clearer part of the bar 
corresponds to the number of MOB- MAGs. 

 

Supplementary Figure S-IV-8. Detection of MAPs (A) pLA6_012 and (B) the pP72_e. The inner black 
circles represent the genomic sequence of pLA6_012 and pP72_e, respectively. The colored circles 
represent marine metagenomic contigs from the Tara Oceans Expedition aligning with >99.9% identity, 
an E-value=0 and an alignment length >4,000 bp between plasmid and contig. Each matching contig 
depicted was found in a different metagenomic sample. Red circles represent perfect matches, i.e., 
metagenomic samples in which the complete sequence of pLA6_012 was found. The rest of the circles 
represent partial matches.  
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Supplementary Figure S-IV-9. Phylogenetic tree of MOBC RLXs. The tree was built using 1,951 MOBC 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+F+R6 according to BIC and 1000 ultrafast 
bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 

 

Supplementary Figure S-IV-10. Phylogenetic tree of MOBF RLXs. The tree was built using 8,408 MOBF 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+F+R10 according to BIC and 1000 
ultrafast bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 
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Supplementary Figure S-IV-11. Phylogenetic tree of MOBH RLXs. The tree was built using 1,368 MOBH 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+R10 according to BIC and 1000 ultrafast 
bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 

 

Supplementary Figure S-IV-12. Phylogenetic tree of MOBM RLXs. The tree was built using 333 MOBM 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+F+R9 according to BIC and 1000 ultrafast 
bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 
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Supplementary Figure S-IV-13. Phylogenetic tree of MOBP RLXs. The tree was built using 15,090 MOBP 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+R10 according to BIC and 1000 ultrafast 
bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 

 

Supplementary Figure S-IV-14. Phylogenetic tree of MOBQ RLXs. The tree was built using 7,189 MOBQ 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+R10 according to BIC and 1000 ultrafast 
bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 
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Supplementary Figure S-IV-15. Phylogenetic tree of MOBV RLXs. The tree was built using 5,336 MOBV 
RLXs with maximum likelihood with IQ-TREE178 (model Q.pfam+F+R10 according to BIC and 1000 
ultrafast bootstraps). The tree has been elaborated analogously as detailed in Figure IV-7. 
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Supplementary Figure S-IV-16. Contig and ORF metrics from synthetic communities. Red and blue 
lines represent results from metagenomic read simulations using NovaSeq and HiSeq error models, 
respectively. Green dots indicate the corresponding metric values calculated directly from the original 
synthetic community genomes, prior to read simulation. Metrics include the total number of contigs, 
contig length distributions, and the number of predicted ORFs recovered from each assembly. These 
comparisons illustrate the impact of sequencing platform and community complexity on assembly and 
gene prediction performance. 
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V. GLOBAL DISCUSSION 
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The technical foundation of this thesis encompasses three sequential steps: a) the 

characterization and isolation of one or a few gene families, b) the gene quantification in 

multiple metagenomes with different phenotypes and c) the correlation between gene 

abundance and phenotype. In this work, we present a robust methodology for accurate gene 

quantification in metagenomes, and illustrate its application through two comparative studies 

aimed at identifying differentially abundant genes in a disease-related context (Chapter I) and 

an environmental context (Chapter II) (Table V-1). 

Feature Chapter I Chapter II 

Gene Metabolic gene RLX (domain) 

Phenotype MASLD Plasmid load 

Table 0-1: Summary of gene-phenotype associations investigated. 

In Chapter I, we employ an absolute abundance metric. Sequencing reads are aligned 

against several reference databases of metabolic genes, and the raw count of reads mapping 

to each gene is used as a proxy for its abundance in the metagenome (Figure III-3). To correct 

for sequencing-depth bias, read counts are normalized by the total library size. Gene-length 

bias is corrected by normalizing by the length of each target gene. To account for differences in 

reference database size, read counts are further normalized by the number of sequences in 

each database. These three corrections are combined using the RPKSM formula (Equation III-

1). Although differences in average genome size between study groups are not explicitly 

adjusted, the consistent distribution of USCGs across groups and cohorts (Supplementary 

Figure S-III-4) suggests that any such bias is likely negligible.  

In Chapter II, a relative abundance metric is adopted. First, sequencing reads are de 

novo assembled into contigs, from which all ORFs are predicted. RLX genes are then identified 

by scanning the ORF collections from each biome with HMM profiles, and their abundance is 

calculated as the number of predicted RLX hits divided by the total number of predicted ORFs 

(Figure IV-2). Sequencing-depth bias is implicitly addressed, since fewer reads yield fewer 

ORFs and, by extension, proportionally fewer RLX hits. Because the same protein domain is 

compared across samples, additional normalization by gene length is not necessary136. While 

length correction is typically applied in gene-level comparisons, the rationale extends to 

domain-based analysis: when the same query, whether gene or domain, is used consistently 
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across samples, any potential length bias becomes negligible. As in Chapter I, average genome 

size is not explicitly accounted for. However, the distributions of USCGs (Figure IV-4A) and total 

ORFs (Figure IV-5A) across different biomes are nearly identical, indicating that this factor 

exerts minimal influence on this analysis. 

Functional profiling of metagenomes can be conducted via two primary strategies: read-

based methods and assembly-based approaches. Read-based profiling aligns sequencing 

reads directly to reference databases35,36, bypassing the computationally intensive bottleneck 

of de novo assembly and achieving faster analyses. However, short reads may not be 

discriminative enough to distinguish between closely related gene families or to avoid 

ambiguous alignments to promiscuous protein domains. Consequently, functional profiles 

may be over- or under-assigned depending on how gene families are defined and the degree of 

sequence conservation among them37. The key determinant of read-based accuracy is the 

completeness of reference databases, understood as the number of clades represented. 

Because most public catalogs are biased towards human-associated microbiomes (Figure I-1), 

read-based methods perform correctly on small, well-characterized datasets such as human 

GM samples where reference coverage is high99, but become less reliable in complex, poorly 

characterized environments. 

In contrast, assembly-based profiling reconstructs longer genomic sequences (contigs) 

before annotation (Figure I-4), capturing full genes and preserving synteny. Assembled contigs 

mitigate short-read multi-mapping problems and enable differentiation between functionally 

divergent paralogs that share high sequence similarity140. Even when individual genes lack 

close database matches, their genomic context can improve functional assignments37. The 

effectiveness of this approach highly depends on assembly completeness, understood as the 

percentage of reads that are successfully assembled. Achieving high completeness in complex 

communities requires substantial sequencing depth and incurs significant computational 

cost. Additionally, assemblies often demand manual curation to correct misassemblies or 

properly bin contigs83. Moreover, annotation bias can arise because abundant taxa tend to 

produce more complete assemblies, leading to overrepresentation of genes from dominant 

community members, whereas contigs from low-abundance organisms may be fragmented or 

entirely missing99. As a result, assembly-based methods offer more precise functional 
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resolution, particularly in novel or non-human microbiomes, but at the expense of increased 

resource requirements37.  

As a result, metagenomics enables accurate gene quantification only within a defined 

range of community complexity and sequencing depth, as demonstrated by our results using 

synthetic communities (Figure IV-9). Beyond that range, de novo assembly becomes the 

primary challenge. By collapsing reads into k-mers, de Bruijn graphs inevitably lose 

information: short k-mers lack the full context of the original reads and can merge disparate 

genomic regions (e.g. repeats) into a single path336. Increasing k-mer size preserves more 

sequence context and improves specificity, but larger k-mers further fragment the graph when 

gaps or sequencing errors occur, leading to misassemblies71. Despite their higher base-calling 

error rates34, long-read technologies such as Oxford Nanopore or PacBio can often span entire 

repeats and bypass these assembly bottlenecks, but generating large-scale long-read datasets 

remains prohibitively expensive. 

These considerations guided the methodological choices of this thesis, which focuses 

on short read, Illumina-sequenced metagenomes. We evaluated the reliability of gene 

quantification under controlled conditions by analyzing 554 and 974 metagenomic samples in 

Chapter I and II, respectively. In Chapter I, functional profiling was performed using read-based 

assignment methods for small human GM metagenomes, leveraging the high completeness of 

human metabolic gene reference databases derived from UHGG to obtain rapid and 

sufficiently accurate functional profiles. In Chapter II, an assembly-based approach was 

adopted for diverse environmental microbiomes (e.g., aquatic and terrestrial ecosystems), 

where high novelty and complexity required contig reconstruction despite its higher 

computational demands. To quantify gene abundance in assembled contigs, two equivalent 

approaches were tested: mapping reads back to contigs and counting alignments337,338, and 

using assembler-provided coverage metrics48. In our unpublished benchmarks, both methods 

yielded similar results. 

Target gene comparative studies often require annotation protocols that differ 

substantially from those used in whole-metagenome workflows. A key factor influencing 

annotation accuracy is the phylogenetic diversity and quality of the reference database used 

for alignment100. This limitation is especially relevant when targeting specific gene families, as 

poorly represented or misannotated sequences in public databases can lead to inaccurate or 
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incomplete functional assignments. To address this issue, custom and manually curated gene 

databases tailored to the specific targets of each analysis were developed in this thesis: 

metabolic gene families in Chapter I (this work) and RLX MOB families314 in Chapter II. These 

curated resources improve annotation accuracy by ensuring that the sequence space is both 

phylogenetically diverse and functionally relevant to the research questions posed. 

Focusing on a single (Chapter II) or a few (Chapter I) gene families instead of attempting 

to annotate the entire functional repertoire of a metagenome offers several advantages. First, 

it removes the need to normalize gene abundance by the total abundance of all predicted 

proteins in a sample, avoiding biases associated with their measure, as done previously141. 

Second, it mitigates the ambiguity from assigning short reads to multiple protein families with 

high sequence similarity, a common source of error in large-scale functional annotation76. In 

such targeted approaches, gene classification becomes a binary task: either a gene is detected 

through an alignment or not. This minimizes multi-mapping artifacts, simplifies interpretation 

and improves the overall robustness of the results. 

This strategy is particularly relevant for gene quantification because many gene families 

or orthologous groups in reference databases are defined based on sequence homology to only 

one or a few experimentally validated genes. Consequently, most database entries lack direct 

functional characterization. For example, in the carbohydrate-active enzymes database339, only 

a single member per family is required to be biochemically characterized, with the remaining 

members grouped solely by sequence similarity. This can lead to functional redundancy across 

between families and hidden functional diversity within a single family, complicating 

downstream interpretation99. We acknowledge that this limitation affects the analyses in 

Chapter I, although the potential error is minimized when comparisons are limited to a few 

protein families. 

Importantly, although filtering duplicate metagenomic reads is a common 

preprocessing step to minimize PCR amplification biases54,340, we intentionally opted not to 

apply this filter. Biological duplicates can arise from highly abundant organisms, particularly in 

deeply sequenced libraries, and their removal may artificially reduce gene abundance 

estimates133. Therefore, retaining potentially duplicate reads was preferred, as it allowed a 

more accurate representation of gene prevalence, particularly in high-abundance taxa. 
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For the assembly of metagenomic reads in Chapter II, we selected MEGAHIT48 as the 

assembler of choice. MEGAHIT has been shown to recover a higher number of genes that can 

be functionally annotated from complex environmental samples, such as soil and ocean341, 

and it offers greater computational efficiency41 over alternatives like metaSPAdes49. While 

metaSPAdes generally produces longer contigs, these have been reported to be less accurate 

in highly complex metagenomes341. This, combined with the large number of environmental 

samples analyzed (Table IV-1), further supports our choice of assembler.  

Applying logarithmic transformation to metagenomic count data generates a large 

number of zeros, which poses two challenges. First, zero counts cannot be log-transformed. 

Second, zeros are inherently ambiguous, as they may indicate either true absence of a gene or 

a presence below the detection threshold due to limited sequencing depth. The first problem 

can be addressed by adding pseudocounts (typically one) to all observations in the dataset, 

allowing the transformation to proceed. However, pseudocounts can distort effect sizes -and 

thus statistical significances-, particularly when gene counts are low136. Due to this limitation, 

we avoided log-transformation methods in Chapter II whenever possible (Figures IV-4 and IV-

8A).  

Finally, throughout this thesis, the Benjamini-Hochberg false discovery rate correction 

was applied to control for multiple hypothesis testing, a standard approach in large-scale 

metagenomic analyses to reduce the number of false-positive results136. This ensures that 

statistical findings reported across both comparative studies maintain robust control of type I 

error rates. 
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VI. GLOBAL CONCLUSIONS 
_________________________________________________________________________________ 
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1. Gene-level metagenomic profiling reveals functional shifts in metabolic pathways and 

plasmid-marker genes that are overlooked by 16S rRNA-based taxonomic approaches, 

yet are essential for understanding microbial contributions to host physiology and 

ecosystem dynamics. 

  

2. MASLD is marked by a coordinated depletion of butyrate‐ and methane‐producing 

genes and enrichment of SCA‐ and TMA‐producing genes, reflecting a microbial shift 

towards metabolic pathways that may contribute to pathogenesis.  

 
3. Accessory metabolic genes, often carried on MGEs, vary across strains and 

environments. Integrating their analysis with plasmid mobilization data identifies 

horizontally transferable functions linked to disease and ecological adaptation. 

 
4. The ocean is depleted in RLXs, ARGs and plasmid marker genes, indicating low 

conjugative HGT activity. In contrast, sewage harbors RLX- and ARG-rich plasmids, 

forming hotspots whose episodic discharges can raise coastal ARG load to terrestrial 

levels. 

 
5. Combining metabolic pathway profiling, accessory genome analysis and MGE tracking 

provides a unified framework for identifying clinically relevant biomarkers in MASLD and 

detecting ARG pollution for environmental monitoring. 

 
6. Gene-level surveillance of biomarkers, from butyrate/TMA shifts in the GM to RLX 

abundance in sewage, offers actionable tools for patient stratification, microbiome-

targeted therapies, and early detection systems in microbial ecosystem management. 
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This study investigates the role of microbial propionate in inflammatory bowel disease 

(IBD) by quantifying the abundance of genes involved in its production across a large cohort of 

metagenomic samples from both healthy individuals and IBD patients. Propionate, a short-

chain fatty acid, is synthesized by the GM through multiple metabolic pathways. This analysis 

focused on the terminal reactions of bacterial propionate synthesis, catalyzed by propionate 

kinase, propionate CoA transferase, and propionate CoA ligase. These enzymes are encoded 

by the genes tdcD, pduW, pct and prpE. Gene families were defined by linking the 

corresponding EC numbers to Pfam domains, and HMMs associated with these domains were 

queried against the UHGG database. 

Gene abundance was estimated by aligning metagenomic reads against the reference 

gene families, with the total number of aligned reads per family used to quantify their presence 

in each sample. This functional profiling was integrated with metataxonomic and metabolomic 

data to contextualize the results. Data analysis revealed that propionate is selectively depleted 

in specific manifestations of IBD. Among the terminal enzymes involved, propionate kinase was 

the most abundant in the GM. In IBD patients, reductions in fecal propionate levels coincided 

with significantly lower abundances of genes encoding this enzyme.  

Notably, the genes involved in the terminal steps of propionate production exhibited 

taxonomic shifts in IBD that were not reflected by 16S rRNA-based profiles. This decoupling 

suggests that changes in gene abundance are not solely driven by shifts in species-level 

composition, but may instead reflect differences in the accessory genome. These findings 

underscore the value of gene-centric approaches for detecting functionally relevant microbial 

alterations associated with gut disease. This work lays the foundation for Chapter I, where the 

focus shifts from metabolic gene families associated with MASLD to short-chain fatty acid 

metabolism in the context of IBD.  
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Abstract: Changes in the gut microbiome have been associated with inflammatory bowel disease.
A protective role of short chain fatty acids produced by the gut microbiota has been suggested as a
causal mechanism. Nevertheless, multi-omic analyses have failed to identify a clear link between
changes in specific taxa and disease states. Recently, metagenomic analyses unveiled that gut bacterial
species have a previously unappreciated genomic diversity, implying that a geno-centric approach
may be better suited to identifying the mechanisms involved. Here, we quantify the abundance of
terminal genes in propionate-producing fermentative pathways in the microbiome of a large cohort
of healthy subjects and patients with inflammatory bowel disease. The results show that propionate
kinases responsible for propionate production in the gut are depleted in patients with Crohn’s disease.
Our results also indicate that changes in overall species abundances do not necessarily correlate with
changes in the abundances of metabolic genes, suggesting that these genes are not part of the core
genome. This, in turn, suggests that changes in strain composition may be as important as changes
in species abundance in alterations of the gut microbiome associated with pathological conditions.

Keywords: short chain fatty acids; microbiota; Crohn’s disease; metagenomics

1. Introduction

Many pathological conditions of the gut are linked to changes in the composition of
the gut microbiome (GM). Microbes in the gut produce metabolites essential for enterocyte
function. Many of these metabolites regulate the integrity of the intestinal barrier, and some
were shown to exert an immunomodulatory role [1]. Because of this interplay between the
GM metabolism and intestinal function, it has been proposed that changes in the GM may
be involved in the genesis and/or evolution of several intestinal diseases. One of the most
widely studied associations between GM changes and gut pathology is inflammatory bowel
disease (IBD). IBD is a gastrointestinal disorder characterized by a chronic inflammation of
the gastrointestinal tract, associated in some cases with extraintestinal signs of systemic
inflammation. IBD comprises two clinical manifestations: Crohn´s disease (CD) and
ulcerative colitis (UC). Studies have repeatedly shown that the GM composition of IBD
patients differs from healthy subjects [2]. However, the species involved and the magnitude
and sign of the changes observed are highly variable, and most taxa appear to increase
their numbers in some studies, but decreasing in others [3]. This variability complicates
the elucidation of a causal link between GM alterations and the onset and progress of IBD.
However, in recent years, substantial evidence has accumulated on the potential role of
short chain fatty acids (SCFAs) as possible mediators between GM alterations and IBD [4].

SCFAs such as acetate, propionate, and butyrate are produced by the GM from the
anaerobic fermentation of carbohydrates and amino acids present in dietary fiber [5].
SCFAs are important nutrients for enterocytes, which use them as a primary source of
energy. They also promote the development of regulatory T lymphocytes, which modulate
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tissue inflammation and cytokine production [6]. These functional roles may have a clinical
interaction since dietary information from IBD patients correlated higher fiber intake with
a lower risk of CD [7]. It was proposed that SCFA production from dietary fiber by the
GM may be implicated in a protective effect on the intestinal epithelium [8]; however, the
mechanisms of such an effect are still unclear. Whereas studies in germ-free mice showed
that SCFAs promoted T regulatory cell development [9] and protected against T-cell-
mediated colitis [10], multi-omic studies in humans have produced less conclusive results.
In IBD patients, a depletion in certain butyrate-producing bacteria such as Faecalibacterium
or Roseburia has been observed [11–13]. However, these studies failed to reveal a univocal
relationship between changes in GM composition and SCFA concentrations.

One possibility for this discrepancy is that changes in overall species composition,
as identified by 16S metataxonomic studies, do not directly correlate with variations in
the metabolic capabilities of the GM. Recent studies showed that bacterial species within
the human gut exhibit substantial genomic variation, each exhibiting up to hundreds of
genomically different species [14]. If taxonomic labels correlate poorly with metabolic
capability, it is possible that pathological changes in the GM may not be noticed by 16S
metataxonomy. To test this possibility, we studied the correlation of SCFA abundances
in IBD patients and healthy subjects with the abundance of GM genes directly involved
in SCFA metabolism. Our results show that CD patients exhibit a decrease in propionate
that coincides with lower abundances in the terminal genes of the metabolic pathways
leading to propionate production. When comparing these decreases with 16S information,
we obtained a poor correlation, suggesting that geno-centric approaches such as the one
developed here may be better suited for identifying the causal links between GM alterations
and gut disease.

2. Materials and Methods
2.1. IBD Cohort Data

For this project, we studied a cohort of 132 IBD patients integrated in the second
part of the Human Microbiome Project [15]; specifically, 38 patients diagnosed with UC,
67 with CD and 27 with no IBD (H). As stated in [16], none of these subjects had been
diagnosed with known bleeding disorders, acute gastrointestinal infections, hepatitis, or
immune-mediated diseases. We analyzed the publicly available multi-omic data from
these subjects, allocated in the Inflammatory Bowel Disease Multiomics Database [16].
Specifically, we retrieved two separate tables with 546 metabolic (265 CD, 146 UC, and
135 H) and 178 metataxonomic (86 CD, 46 UC, and 46 H) merged profiles. We also
downloaded the processed sequencing files of 1638 metagenomic stool samples (583 CD,
353 UC, and 362 H) from these patients, which were collected every two weeks, processed
as detailed in [16] and sequenced on an Illumina HiSeq2500. Finally, we retrieved the
metadata with the associations between the stool samples extracted in the original study
and their corresponding patients.

2.2. Analysis of Metabolomic and Metataxonomic Data

Metabolic and metataxonomic profiles from the available samples and metadata with
the diagnosed condition of the patients and their corresponding samples were parsed and
analyzed through in-house-made Bash and R scripts. Plots were elaborated with the R
package ggplot2 [17]. Statistical analysis was performed through pairwise Mann–Whitney
tests with the Benjamini–Hochberg false discovery rate correction to assess the significance
of the differences regarding the metabolic and 16S levels between the three groups of
samples corresponding to the CD, UC, and H conditions.

2.3. Extraction of the GM Genes Involved in the Formation of Propionate

We defined the enzymes catalyzing the terminal reactions involved in the forma-
tion of microbial propionate through fermentative pathways, namely propionate kinase,
propionate CoA transferase, and propionate CoA ligase. Individual reactions and their
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corresponding enzyme commission (EC) numbers were targeted through the metabolic-
pathways databases MetaCyc, BRENDA, and KEGG [18–20]. After this, the EC numbers of
target enzymes were linked to Pfam domains [21] by studying the associations established
by ECDomainMiner [22].

The Unified Human Gastrointestinal Genome (UHGG) [14] is the most extensive
database of sequenced GM genomes and microbial genes elaborated so far, and it was used
in this study to retrieve the families of fermentative genes (FGs) coding for the enzymes
involved in the formation of propionate. We specifically selected the 3205 pan-genomes
of GM species with at least two characterized strains, which altogether contain more
than 21 million genes. The profile hidden Markov model (pHMM) of every Pfam domain
associated with a target EC number was queried with HMMER version 3.3(Howard Hughes
Medical Institute, MD, USA) [23] against the pan-genomes for homologous sequences
using the hmmsearch function, only allowing hits with an e-value less than 0.001 (-E 0.001).
Genes retrieved multiple times with different Pfams associated to the same enzyme were
deduplicated, and short sequences were eliminated from the resulting sets of genes to
remove potential misannotations in the UHGG.

The resulting genes were concatenated to several protein-coding genes with experi-
mentally validated enzymatic activity. The sequences of these genes were retrieved from
MetaCyc, and they were used as controls to analyze their phylogenetic distance to the sets
of genes defined previously. To do so, the genic groups were aligned with MAFFT version
7.271 [24] and represented in phylogenetic trees with IQ-TREE version 2.0.3 [25]. The trees
were inspected to extract phylogenetically related sequences composing each family of
FGs involved in the formation of propionate. As a result, we obtained four enzyme-coding
FG clusters involved in the last steps of microbial propionate formation: tdcD and pduW
(coding for the propionate kinase), pct (coding for the propionate CoA transferase), and
prpE (coding for the propionate CoA ligase). A graphical representation of the complete
workflow is provided in Figure S1.

2.4. Analysis of Gene Abundance in the Metagenomic Samples

We inspected the distribution of FG clusters in the metagenomic samples of the IBD
cohort using DIAMOND version 2.0.2 [26]. Briefly, every metagenomic sample was aligned
against each FG cluster, allowing only one alignment per sequencing read (–max-hsps
1) with an e-value less than 0.001 (–evalue 0.001) and a percentage of sequence identity
between the read and each FG higher than 80% (–id 80). The sum of metagenomic reads
aligned to each FG was considered an indicator of the genic abundance in each sample. The
samples were posteriorly analyzed for differential abundance between the three conditions
through a pairwise Mann–Whitney test with the Benjamini–Hochberg false discovery
rate correction to assess the significance of the differences regarding the genic abundance
between the three groups of samples corresponding to the CD, UC and H conditions.

3. Results
3.1. Propionate Is Depleted in Some Manifestations of IBD

The abundance of SCFAs in healthy subjects, and CD and UC patients was obtained
from the fecal samples of the IBDMDB cohort. Overall abundances were found to be not
statistically significative for all groups and SCFAs analyzed, except propionate. Propionate
levels were found to be significantly decreased in UC patients compared with healthy
subjects (Figure 1). As shown in the figure, average levels were also lower in CD patients,
although this difference was not found to be statistically significant.
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Figure 1. Levels of propionate in healthy subjects (H) and patients with Crohn´s disease (CD) and ulcerative colitis
(UC) in absolute concentration units. (a) A kernel density estimate plot represents the abundance of propionate from the
metabolomic profiles measured in fecal samples from the cohort analyzed in Lloyd-Price [19]. (b) A boxplot represents
the abundance of propionate measured in fecal samples. Horizontal black bars represent median levels, while boxes and
whiskers represent the data from first to third quartiles and from the quartiles to the minimum and maximum, respectively.
Black dots correspond to outlier values outside the interquartile range. Statistical significance of the differences between
groups was evaluated using a pairwise Mann–Whitney test with the Benjamini–Hochberg false discovery rate correction.
No significant differences among groups were obtained for CD and H, while significant differences between H and UC
were observed with p = 0.029 (*).

3.2. Propionate Kinase Is the Most Abundant Terminal Enzyme Involved in the Formation of
Microbial Propionate

Once propionate was identified as a potential SCFA altered in UC, we focused on
the metabolic pathways leading to its formation. The enzymes catalyzing the terminal
reactions involved in the production of propionate and the genes coding for these enzymes,
were characterized through metabolic-pathways databases, as detailed in the Materials
and Methods. As shown in Figure 2a, propionate can be formed through three different
reactions. The first reaction is a dephosphorylation of propionyl-P that yields one ATP.
This energetically favorable reaction is catalyzed by a propionate kinase (EC 2.7.2.15) that
can be coded by two genes: tdcD and pduW. Propionate can also be formed through the
transference of CoA cofactor in propionyl CoA to another metabolite through the enzyme
propionate CoA transferase (EC 2.8.3.1) or acetate CoA ligase (coded respectively by pct
and acs). This CoA-transferase route also conserves the energy of the CoA bond in the
newly formed CoA-moiety of the co-substrate. Finally, propionate can be formed from
propionyl-adenylate through a propionate CoA ligase (EC 6.2.1.17) encoded by the gene
prpE. A complete diagram depicting propionate formation from pyruvate is provided in
Figure S2.
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Figure 2. Characterization of the terminal genes involved in the formation of bacterial propionate. (a) Scheme with the
three terminal reactions involved in the formation of propionate. Enzymes, EC numbers, and coding genes are represented
in purple, green, and blue, respectively. As seen, some of the participating enzymes have substrate broadness between
acetate and propionate (depicted in light grey). For example, the enzyme encoded by the acs gene forms acetate (EC
6.2.1.1) and propionate (EC 6.2.1.17); (b) boxplot representing the relative abundance of the four terminal genes involved in
propionate formation in all the GM metagenomic samples. Horizontal black bars represent median levels, while boxes and
whiskers represent the data from first to third quartiles and from the quartiles to the minimum and maximum, respectively.
Abundances were measured as indicated in the Materials in Methods and are represented in thousands of reads.
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The abundance of genes tdcD and pduW (coding for the propionate kinase), pct (coding
for the propionate CoA transferase), and prpE (coding for the propionate CoA ligase) was
measured in the metagenomic sequencing data from the stool samples of the IBD cohort, as
described in the Materials and Methods. The results showed that the relative abundance of
propionate kinase genes tdcD and pduW was higher than both CoA-mediating enzymatic
genes (Figure 2b). This suggests that dephosphorylation is the major pathway employed
by the GM to produce propionate.

3.3. Terminal Genes Involved in the Synthesis of Propionate Are Differentially Abundant in IBD

The abundance of genes tdcD and pduW (coding for the propionate kinase), pct (coding
for the propionate CoA transferase), and prpE (coding for the propionate CoA ligase) was
compared between the H, CD, and UC conditions. Pairwise Mann–Whitney tests with the
Benjamini–Hochberg false discovery rate correction were used to assess the significance of
the differences regarding the genic abundance between the three conditions. Abundances
are presented as plots of their kernel density estimates. As shown in Figure 3a,b, propionate
kinase coding genes tdcD and pduW are significantly more abundant in healthy samples
when compared to CD (p = 0.0004 for tdcD and p = 0 for pduW, respectively). No significant
differences among groups were obtained for UC and H. As shown in Figure 3c,d, no
differences were found in pct or prpE either, probably due to their low relative abundance
(Figure 2b). Figures S3 and Figure S4 depict boxplots representing these differences.

Figure 3. Cont.
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Figure 3. Abundance of genes involved in the terminal formation of propionate in healthy subjects (H) and patients with
Crohn´s disease (CD) and ulcerative colitis (UC). (a,b) Propionate kinase genes tdcD and pduW. (c,d) Propionate CoA
transferase gene pct and propionate CoA ligase gene prpE. Density plots represent the abundances of terminal microbial
genes involved in the formation of propionate, from the metagenomic measures of the fecal samples from the cohort
analyzed in [16]. Differences in abundances were evaluated using a pairwise Mann–Whitney test with the Benjamini–
Hochberg false discovery rate correction. Significant differences among groups were obtained for tdcD and pduW between
CD and H (*).

3.4. Genes Involved in the Last Steps of Microbial Propionate Formation Have Taxonomic Shifts in
IBD That Do Not Always Correlate with 16S Abundances

The increases in tdcD and pduW abundances in the healthy condition compared with
CD led us to try to determine whether this differential abundance was caused by changes
in specific bacterial taxa. To do so, we calculated the average abundance of each kinase-
coding gene in each genus and condition (UC, CD, and H). To compare these changes with
absolute bacterial abundances, we retrieved the abundance of each genus in each condition
in the same cohort of patients. This was achieved by plotting the 16S metataxonomic
profiles obtained from fecal IBDMDB samples. Average gene levels were normalized,
and the values for each genus were compared between H and CD patients (Figure 4a,b)
and between H and UC patients (Figure S5. As shown in Figure 4a,b, H subjects showed
an increased abundance of both tdcD and pduW kinase genes in multiple genus from
class Clostridia. Specifically, kinase genes from members of family Lachnospiraceae, such as
Roseburia, Blautia, or Dorea spp., as well as family Ruminococcaceae such as Faecalibacterium
spp. were increased in the H condition. In contrast, kinase genes from Bacteroidales and, to
a lesser extent, Enterobacterales were more abundant in CD patients.
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Figure 4. tdcD, pduW, and 16S average gene-abundance differences between healthy and CD condi-
tions. (a,b) Differences in kinase abundances. Horizontal bars in the plots represent the difference
in total average gene abundances between H and CD groups for tdcD and pduW. (c) Differences in
average 16S abundance between the CD and H groups. Bars indicate the difference in log10 average
abundances between H and CD groups, inferred from the 16S data in [16]. Only genera with the
highest net variation (positive or negative) are represented.
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These results are in sharp contrast with 16S-derived abundances, which showed that
H individuals had an overall increase in Bacteroides (Figure 4c). Changes in the abundance
of propionate kinase genes thus correlated poorly with changes in taxon abundance, as
determined by 16S. This discrepancy may be caused by tdcD not being core gene in many
of the most significant taxa of the human GM (Table S1). The large genotypic variation
observed for species in the GM [14] means that many biochemical pathways are present
only in a fraction of the strains of a given species. Thus, changes in tdcD abundance may
be shifts in certain strains rather than in particular species. However, the discrepancy
between tdcD and 16S abundances may also be attributed to a methodological artifact.
Although tdcD is quantified directly from metagenomic data, 16S counts are retrieved from
metataxonomic analysis, which imply significant differences in DNA amplification and
sequencing. To check whether this discrepancy between the abundances of tdcD and 16S
counts could be ascribed merely to technical reasons, we measured the overall levels of
the core gene rpoB in the most significant taxa. rpoB codes for the beta subunit of the RNA
polymerase, and it was quantified in the metagenomic data from the stool samples, as
described in the Materials and Methods. By comparing tdcD and rpoB abundances, we
could thus rule out discrepancies due to different methodological procedures. As presented
in Figure 5, rpoB and tdcD abundances showed a poor correlation, indicating that overall
bacterial abundance cannot be used as a proxy to estimate tdcD abundance.

Figure 5. Dot plots between (a) tdcD and 16S, and (b) tdcD and rpoB average gene abundance. Dots in the plot represent
the average gene abundance of GM bacterial genera in CD, UC, and healthy conditions on a log10 scale. Only genera
with consistent taxonomic annotation between data from [14,16] are presented. Labels indicate bacterial taxa with higher
differences between the 16S- and rpoB-based quantifications. The regression lines with the correlation coefficient between
the corresponding genes are presented in both plots.

4. Discussion

Inflammatory diseases like IBD are complex, multi-trait disorders in which causal
links are difficult to identify. There is evidence pointing to the involvement of the GM
in development of IBD, and the role of SCFAs in homeostasis and immunomodulation
in the gut has been indicated as a possible cause. However, comprehensive multi-omic
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studies have failed to univocally ascribe a role for the GM in IBD [13,16]. A major problem
arising is the lack of consistency in the relative abundances of different taxa, which appear
uncorrelated in healthy and IBD-affected patients in different studies. One possible reason
for this discrepancy is the large genomic diversity within the bacterial species in the
GM [14]. Since species may hide large genomic variations, alterations in the GM may
be due to changes in genes rather than changes in species. From this perspective, we
re-analyzed multi-omic results for an IBD cohort [16], trying to link changes in SCFA
abundance with differential abundances in the genes responsible for the metabolization
of these genes. As shown in Figure 1, propionate was found to be significantly decreased
in UC patients compared with healthy subjects. It was also decreased in CD patients,
although not significantly.

Propionate is produced by a variety of GM species through several different pathways,
including lactate fermentation; succinate degradation; the degradative pathways of certain
amino acids, such as alanine and threonine; and the fermentation of pyruvate to propanoate
through the succinate and acrylate pathways, among others [5]. Analyzing the variety
of enzymes involved in these and other relevant pathways would be daunting, but by
focusing on the common terminal reactions that directly lead to propionate, we were able
to narrow our search. There are two known terminal reactions leading to propionate
(Figure 2a). It can be produced from propionyl CoA by propionate CoA transferases
and ligases, such as in the acrylate pathway, succinate/propionate conversion, pyruvate
and lactate fermentations, and alanine degradation. Alternatively, it can be produced
from propionyl phosphate via the reverse activity of propionate kinases, such as in the
threonine degradation pathway and the methylcictrate cycle. Our results indicated that,
from these, propionate kinases are more abundant in the GM metagenome (Figure 2b).
This is a surprising finding, as propionyl-CoA-mediated reactions are much more frequent
in fermentative and degradative pathways, and even routes that have a kinase in their final
steps (threonine degradation and the methylcitrate pathway) also include a propionyl CoA
intermediary. The higher abundance of tdcD and pduW is thus puzzling, yet it is known
that SCFAs, CoA ligases, and transferases show extensive substrate promiscuity. Acetate
CoA enzymes can metabolize acetate and propionate in multiple situations [5], as shown
by some GM genera such as Phascholarctobacterium [27]. Further research is thus required to
analyze the extent to which substrate promiscuity plays a role in SCFA production in the GM.

Regarding their relative abundances in H, CD, and UC groups, prpE was decreased in
UC patients (Figure 3d). This result correlates with the reduction in propionate levels in this
IBD manifestation. Propionate kinases were found to be significantly under-represented
in CD patients (Figure 3a,b). By ascribing each propionate kinase count to its cognate
species, we were able to obtain taxon-specific abundances. These abundances showed
that CD patients have an under-representation of counts from Faecalibacterium, Roseburia,
Blautia, and Clostridium, which coincides with an increased abundance of these genera in
healthy subjects, according to 16S (Figure 4c). Previous studies have reported decreased
levels of these genera in CD, many of which are known SCFA producers [28,29]. R. hominis,
for example, was shown to promote gut barrier function and immunity in murine and
in-vitro models [30] and it was associated with a protective role against IBD [27]. Similarly,
Faecalibacterium prausnitzii, one of the most abundant bacteria in GM, was proposed as a
potential biomarker given its depletion in CD and UC patients [29]. Our results showed
that tdcD from Roseburia and tdcD and pduW from Faecalibacterium are increased in healthy
samples (Figure 4a,b). This implies that the protective role of these taxa is due to the
production of propionate through the kinases encoded by these genes.

In other taxa, however, comparing taxon-specific counts and 16S-derived abundances
yielded conflicting results (Figure 4). The most obvious discrepancy occurred in Bac-
teroides, which showed a decrease in CD patients, yet tdcD genes from Bacteroides were
increased. This discrepancy may arise from the genomic plasticity associated with many
GM species [14]. As metabolic genes are not part of the core genome in many taxa (Table S1),
shifts in the strain composition of the GM may alter its metabolic capabilities without re-
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flecting in the 16S profile. This may be observed when total abundances and gene-specific
abundances are compared (Figure 5). The lack of correlation between these two indicators
strongly suggests that changes in strain composition are also a key player in alterations
of the GM. This also means that 16S abundances probably yield a skewed view of GM
changes. Geno-centric approaches, such as the one developed here, may help to better
understand GM alterations associated with pathological conditions. Characterizing the
genomic diversity of the GM is thus fundamental to understanding the metabolic activity
encoded in the core and accessory genomes of individual species. This will contribute
to refining the genic target that constitutes the basis of therapeutic strategies, such as
stool transplant protocols, which are developed only from a taxonomic point of view. By
linking metabolites and genomic abundances, they may also help us understand the causal
links, if any, between changes in the microbiome and the onset and evolution of IBD and
other diseases.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/jcm10102176/s1, Figure S1: Graphical representation of the computational workflow, Figure
S2: Propionate formation from pyruvate, Figure S3: Boxplots showing abundance of propionate
kinase genes tdcD and pduW, Figure S4: Boxplots showing abundance of propionate CoA transferase
gene pct and propionate CoA ligase gene prpE, Figure S5: Differences in tdcD and pduW abundances
between H and UC , Table S1: Presence of tdcD gene in the strains of the most representative
GM species.
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