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ABSTRACT 

The human gut microbiome is highly diverse and plays a crucial role in health, influenced by 

factors such as diet, environment, and genetics. Although its composition has been extensively 

studied in several countries, the Portuguese microbiome remains poorly characterized. Moreover, 

only recently have a few longitudinal studies begun to emerge. 

This gap is addressed in this thesis through Microbioma Comunidade Portugal, a citizen science 

project involving 32 families, mainly from Oeiras municipality. Participants collected three fecal 

samples over time, and the family-based design allowed the inclusion of individuals across 

different ages and contributed to sustained motivation. 

Results revealed that these Portuguese cohort’s gut microbiota was dominated by Bacillota and 

Bacteroidota, consistent with other studies, and remained stable over time at the phylum level. 

The Bacillota/Bacteroidota ratio was consistent across time, age, and body mass index.  

Interestingly, alpha diversity increased overtime, possibly reflecting seasonal and/or behavior 

changes of the participants. Surprisingly, alpha diversity was higher in the elderly. Similar to other 

studies, intraindividual diversity was lower than interindividual diversity. 

Fecal metabolomic profiling did not show notable changes over time, and no correlations were 

found between key short-chain fatty acid-producing genera and the concentrations of these 

metabolites. 

Participants actively contributed feedback and engaged in laboratory visits and events, enhancing 

scientific literacy and trust in science. This study constitutes the first longitudinal analysis of the 

Portuguese gut microbiome, with an adherence rate of 94%, highlighting the valuable role of 

citizen science in microbiome research. Future studies involving larger and more geographically 

diverse cohorts will be essential to clarify the observed alpha diversity variations and further 

explore the functional dynamics of the gut microbiome. 

Keywords: Portuguese microbiota, Longitudinal study, Citizen science, Short-chain fatty acids, 

Microbiome diversity, 16S rRNA sequencing 
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RESUMO 

O microbioma intestinal humano é altamente diverso e desempenha um papel crucial na saúde, 

sendo influenciada por fatores como dieta, ambiente e genética. Embora a sua composição tenha 

sido amplamente estudada em vários países, o microbioma português permanece pouco 

caracterizado. Além disso, apenas recentemente alguns estudos longitudinais começaram a 

surgir. 

Estas lacunas são colmatadas nesta tese através do Microbioma Comunidade Portugal, um 

projeto de ciência cidadã que envolveu 32 famílias, maioritariamente do concelho de Oeiras. Os 

participantes recolheram três amostras fecais ao longo do tempo e o desenho familiar permitiu 

incluir indivíduos de diferentes idades, contribuindo para uma elevada adesão e motivação 

contínua. 

Os resultados mostraram que a microbiota intestinal desta coorte portuguesa foi dominada pelos 

filos Bacillota e Bacteroidota, em concordância com outros estudos, mantendo-se estável ao 

longo do tempo ao nível do filo. A razão Bacillota/Bacteroidota manteve-se consistente ao longo 

do tempo, idade e índice de massa corporal.  

Interessantemente, a diversidade alfa aumentou ao longo do tempo, possivelmente refletindo 

alterações sazonais e/ou comportamentais dos participantes. Surpreendentemente, a 

diversidade alfa foi maior nos idosos. Assim como em outros estudos, a diversidade 

intraindividual foi menor que a diversidade interindividual. 

A análise metabolómica das fezes não revelou alterações significativas ao longo do tempo, nem 

correlações entre os géneros produtores de ácidos gordos de cadeia curta e as concentrações 

destes metabolitos. 

Os participantes contribuíram com feedback e envolveram-se em visitas laboratoriais e eventos, 

promovendo a literacia científica e a confiança na ciência. Este estudo representa a primeira 

análise longitudinal do microbioma intestinal português, com uma taxa de adesão de 94%, 

destacando o valor da ciência cidadã na investigação do microbioma. Estudos futuros com 

coortes maiores e geograficamente mais diversas serão essenciais para clarificar as variações 

observadas na diversidade alfa e aprofundar a compreensão da dinâmica do microbioma 

intestinal. 

Palavas chave: Microbiota portuguesa, Estudo longitudinal, Ciência cidadã, Ácidos gordos de 

cadeia curta, Diversidade do microbioma, Sequenciação 16S rRNA
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INTRODUCTION 

A. The Human Gut Microbiota 

Our bodies host trillions of microorganisms, including bacteria, viruses, eukaryotes, and archaea, 

forming the human microbiota. Together, they colonize distinct ecological niches, such as the 

skin, oral cavity, respiratory system, vaginal canal, and gastrointestinal tract (GIT)1. Each site 

represents a unique microenvironment, influencing the composition and activity of its microbial 

community2.  

Among all these microbial ecosystems, the GIT is the most complex and densely populated. It is 

home to a highly dynamic and structured community of microbes, where both the number and 

diversity of microorganisms increase along the gut3. In adults, this ecosystem harbors more than 

1013 bacteria, representing hundreds of different species4,5. 

This complex ecosystem, rich in commensal bacteria and viruses, plays a crucial role in 

maintaining our health through mutual interactions. While our body provides nutrients and helps 

to maintain ecological homeostasis, these microbes help us in return. They contribute to 

processes such as nutrient metabolism, immune modulation, and protection against pathogens1. 

These symbiotic relationships reflect a coevolutionary history, which has shaped both humans 

and microbial communities6,7.  

Previously, it was believed that gut colonization began at birth. However, recent studies raise the 

possibility that microorganisms might already be present in the womb. Nonetheless, it is during 

birth that the newborn is exposed to diverse microbial ecosystems, from the mother and the 

surrounding environment8. This early colonization evolves rapidly through infancy and becomes 

relatively stable in adulthood9. The structure and functions of the gut microbiota are shaped by 

complex bidirectional interactions with the host and are influenced by diet, geography, lifestyle, 

and medication, making your microbiota almost as unique as a fingerprint10.  

This ecosystem is not only taxonomically diverse but also genetically rich. Each resident species 

contains several thousand genes, and in total, the microbiome is estimated to contain about 2 

million genes, which is over 100 times the number of human genes5. This genetic richness allows 

rapid adaptations to environmental changes, such as shifts in diet, infections, or antibiotic use11. 

Although such perturbations can temporarily alter microbial composition, the adult gut microbiota 

usually shows ecological resilience, meaning that it can return to a stable and functional state as 

it was previously12. 

Given the central role of the intestinal microbiota in our health, disturbances in its composition, 

known as dysbiosis, have been linked to health problems, including gastrointestinal, metabolic, 

and neurological disorders3. These associations highlight the need to understand the constitution 

and roles of the gut microbiota, as well as its variation across individuals and over time. Large-

scale projects like the METAgenomics of the Human Intestinal Tract (MetaHIT) and the Human 

Microbiome Project (HMP) have played a crucial role in the understanding of how the gut 
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microbiome is related to human health and diseases. This knowledge is essential for advancing 

biomedical research with the development of new strategies to promote and restore health13,14.  

B. 16S rRNA Gene Sequencing: Principles, Applications, and 

Limitations in Gut Microbiome Profiling 

Traditionally, scientists studied complex microbial ecosystems by cultivating and isolating each 

individual strain on culture plates. However, this method has major limitations because many 

microorganisms are either slow-growing or simply cannot be cultured under standard laboratory 

conditions15. Estimates suggest that over 80% of microbes present in our gut and in the 

environment remain unculturable with traditional methods, leading to an underestimation of the 

microbial diversity16.  

Because of this, researchers develop new culture-independent molecular techniques capable of 

providing a more complete and accurate representation of microbial ecosystems. Progress in 

sequencing technology, molecular biology tools, and the increase of microbial genome databases 

throughout the 20th century have made possible the discovery of a wide range of new species 

and expanded our understanding of microbial diversity in the GIT and other ecosystems16. 

One major advance in microbial ecology was the use of the 16S ribosomal ribonucleic acid (rRNA) 

gene as a phylogenetic marker to identify and classify prokaryotes. This gene functions as a 

“molecular clock” and is present in all bacteria and archaea. It encodes a conserved segment of 

the 30S small subunit of the 70S ribosome complex, a key component required for protein 

synthesis17.  

The 16S rRNA gene has about 1500 base pairs and contains nine hypervariable regions (V1–

V9), separated by ten conserved regions. The conserved segments make it possible to design 

universal primers for polymerase chain reaction (PCR) amplification, while the hypervariable 

regions, which evolve more rapidly due to higher mutation rates, reflect their role as an effective 

“molecular clock”, enabling estimation of evolutionary differences between microbial groups. This 

combination of conserved and variable regions makes this gene a powerful phylogenetic marker 

for profiling microbial communities18.  

Different hypervariable regions provide different levels of taxonomic resolution and amplification 

efficiency. Among them, the V4 region, highlighted in Figure 1.1, is often chosen to identify 

bacteria because of its high phylogenetic resolution at the genus level and has been shown to be 

accurate in simulated microbial communities18.  

 

Figure 1.1. Structure of the 16S rRNA gene, highlighting the nine hypervariable regions (V1–V9, in 
blue-green) flanked by ten conserved regions (in dark gray). This structure enables the design of 
universal primers and allows taxonomic discrimination among prokaryotes. The V4 region highlighted is 
commonly used in microbial community profiling. Adapted from Jay-Hyun Jo et al.17 
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Another advantage of 16S profiling is that primers are designed to target only prokaryotes. 

Although they can sometimes amplify non-target sequences from eukaryotes, such as 

mitochondrial deoxyribonucleic acid (DNA), which also contains the 16S rRNA gene, the use of 

optimized primers allows for a more effective profiling of the microbial community in complex 

samples. This contrasts with untargeted next-generation sequencing (NGS) approaches, which 

sequence all the DNA present in the sample, including human DNA, reducing the sensitivity of 

prokaryotic analysis19. 

While the 16S rRNA sequencing remains the standard for profiling bacteria and archaea, other 

genetic markers are needed for different organisms. For example, the 18S rRNA gene of the 40S 

ribosomal small subunit is used to study eukaryotes, while fungi are typically profiled using 

internal transcribed spacers (ITS) regions together with parts of the 18S, 5.8S, and 28S genes.  

NGS based on rRNA enabled the characterization of complex microbial ecosystems in 

environments such as soil, water, and the human body, aiding in the detection of ecological 

disturbances, such as contamination and disease-associated shifts20.   

1. 16S rRNA Amplicon Sequencing Workflow 

A typical 16S rRNA amplicon sequencing workflow involves several key steps, beginning with 

sample collection, storage, and transport (1). These initial steps must follow protocols to minimize 

biases introduced by sample handling and preservation methods21.  

Next, DNA extraction (2) is performed using optimized and reproducible methods to minimize 

biases caused by different lysis efficiencies among bacteria, since gram-positive bacteria have a 

thicker peptidoglycan layer, and to remove potential inhibitory substances that could interfere with 

the PCR amplification process (3). In the PCR amplification step, barcoded primers that anneal 

to conserved regions flanking the selected hypervariable region of the 16S gene are used. After 

DNA amplification, the samples are sequenced (4), typically on Illumina platforms, which use 

sequencing-by-synthesis technology, where fluorescently labeled nucleotides are incorporated 

into DNA strands, imaged, and the fluorescent label is cleaved before the next base is added, 

allowing the DNA sequence to be read20.  

The downstream computational analysis involves several steps, the demultiplexing of pooled 

samples (1), removal of adapters and primers (2), quality control (3), filtering and trimming (4) to 

ensure high-quality data, dereplication, and denoising to correct sequencing errors (5), merging 

of paired-end reads (6), and removal of chimeric sequences (7)22. Additional contaminant filtering 

is applied to improve data accuracy23. Taxonomic classification of the resulting amplicon 

sequence variants (ASVs) is performed using reference databases, allowing phylogenetic 

inference and quantitative comparison across samples17,18. This approach estimates the relative 

abundance of microbial taxa and differences between samples using ASVs, which enables single-

nucleotide resolution in community profiling15.  
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2. Limitations of 16S rRNA Sequencing 

The 16S rRNA gene-based approach is widely used for microbial community profiling because it 

is fast, relatively cheap, and does not require bacterial culturing. However, this method presents 

several limitations21.  

A major limitation is the limited taxonomic resolution of short amplicons. The 16S gene shows a 

high level of conservation among closely related species, and short-read sequencing of 

hypervariable regions often fails to distinguish taxa at the species or strain level. Consequently, 

taxonomic assignments are frequently limited to the genus level, limiting ecological and clinical 

interpretations. In addition, 16S rRNA sequencing does not provide information about the 

functional activity of the sequenced microorganism21. To bypass some of these limitations, 

several studies use full-length 16S sequencing or shotgun metagenomic sequencing, which can 

provide species and strain level resolution and insights into the functional capacity18.  

Another limitation is that 16S rRNA sequencing does not provide information about microbial 

viability. Since it targets DNA, it cannot distinguish between live and dead microbes24, nor identify 

whether detected DNA originates from active community members or transient sources such as 

diet or environmental contaminants25.  

Additionally, gene copy number variation presents a challenge. The number of 16S copies varies 

among bacteria, some species have a single copy, while others possess multiple copies, leading 

to biased abundance estimates24.  

Contamination is an additional concern throughout the workflow, from sample collection and DNA 

extraction to library preparation. Sampling devices, DNA extraction kits, and reagents can contain 

microbial DNA, confounding the results26,27. Biological samples may contain inhibitors that 

interfere with the amplification process, such as bile salts, humic acid, and polysaccharides24,27. 

Furthermore, differences in primer affinity, such as the GC content or the specificity to the target 

DNA, can lead to amplification bias, favoring certain taxa over others17. PCR can also introduce 

sequence errors, such as base substitutions, insertions, deletions, and chimera reads due to 

incomplete extension of the gene, which may artificially inflate diversity estimates18.  

Technical variability, including batch effects from DNA extraction or sequencing runs, can 

introduce systematic bias into downstream analyses27. Therefore, it is critical to apply rigorous 

quality control. This includes positive and negative sequencing controls, as well as blank controls 

to detect contamination, in which the same extraction protocol is performed without adding any 

sample. Also, normalization procedures across batches minimize technical artifacts18.   

Despite these challenges, 16S rRNA sequencing has revolutionized microbiome research. It has 

enabled the identification of hundreds of previously uncharacterized taxa and enhanced our 

understanding of microbial diversity and host-microbe interactions, particularly in the human gut, 

where important associations between microbial composition and host health or disease have 

been demonstrated13.  
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C. Overview of Gut Microbiota Composition at the Phylum Level 

The human gut microbiota harbors a highly diverse microbial community, with bacteria being the 

most extensively studied group. Taxonomically, these bacteria are classified into hierarchical 

levels including phyla, classes, orders, families, genera, and species. Although the gut microbiota 

is composed of hundreds of species, they belong to a small number of phyla, whose relative 

abundances vary significantly among individuals and populations. The two dominant phyla are 

Bacillota and Bacteroidota (formerly called Firmicutes and Bacteroidetes, respectively), which 

together account for approximately 90% of the gut’s microbiota population3. Other less abundant 

phyla found in healthy populations include Pseudomonadota (Proteobacteria), Actinomycetota 

(Actinobacteria), and Verrucomicrobiota (Verrucomicrobia)28.  

Bacillota is the most diverse and abundant bacterial phylum in the gut, making up about 50 to 

80% of the bacteria present. They are mainly gram-positive and include classes like Clostridia 

and Bacilli. The class Clostridia includes the families Lachnospiraceae and Ruminococcaceae, 

the most abundant in gut microbes. The class Bacilli includes genera such as Lactobacillus, 

Enterococcus, and Streptococcus, which are predominant in the upper GIT. These bacteria can 

degrade different types of dietary fibers and produce butyrate and lactate, which help maintain 

gut pH balance and support key functions, including barrier integrity, anti-inflammatory responses, 

glucose regulation, and fat metabolism29,30.  

Bacteroidota is the most abundant phylum of gram-negative bacteria in the gut, with 

approximately 7000 species and including classes such as Bacteroidia, Sphingobacteria, 

Flavobacteria, and Cytophagia. Dominant genera within this phylum include Bacteroides, 

Prevotella, Alistipes, and Parabacteroides, which specialize in the degradation and fermentation 

of complex polysaccharides into short-chain fatty acids (SCFAs), carbon dioxide, hydrogen, and 

other metabolites important for our health. These bacteria help prevent pathogen colonization 

and modulate the immune system30,31.  

The phylum Actinomycetota, composed of gram-positive bacteria, includes the families 

Bifidobacteriaceae, Propionibacteriaceae, Corynebacteriaceae, and Streptomycetaceae. The 

genus Bifidobacterium is the most abundant in the GIT in vaginally delivered newborns, and its 

abundance decreases with age. This phylum comprises around 8% of the adult microbiota32. 

These microorganisms ferment carbohydrates into lactate and produce antimicrobial and anti-

inflammatory compounds that inhibit pathogen growth, contributing to gut barrier development 

and immune homeostasis30,32.  

Pseudomonadota is a metabolically and morphologically diverse phylum. The main class in the 

gut is Gammaproteobacteria, which includes the Enterobacteriaceae family. Although generally 

minor components of the gut microbiota, their overrepresentation is often associated with 

dysbiosis33. For example, overgrowth of genera such as Escherichia and Desulfovibrio has been 

associated with metabolic syndrome34. 
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Verrucomicrobiota is typically present at low abundance but includes Akkermansia muciniphila, a 

species capable of degrading mucin present in the intestinal mucus layer. This bacterium has 

been associated with better metabolic health, enhanced glucose metabolism regulation, intestinal 

barrier function by reducing levels of inflammatory cytokines, and protection against obesity30.  

D. Functional Role of the Gut Microbiota in Host Health  

The role of the human gut microbiota extends beyond taxonomy, contributing significantly to host 

physiology, acting like a metabolic "organ" that contributes to a wide range of essential biological 

processes. It is vital for maintaining gut homeostasis and promoting host health35.  

This microbial community complements the host’s genetic capacities through its vast number of 

genes. It helps protect against pathogen colonization, digestion of dietary components, produces 

key metabolites, and contributes to immune system development, gastrointestinal development, 

fat storage, behavior, epithelial barrier integrity, and efficacy of certain treatments. These 

functional roles are summarized in Figure 1.2 and will be discussed in more detail below36.  

 

Figure 1.2. Schematic summary of gut microbiota–host interactions. The gut microbiota expands the 
host’s genetic capacity, contributes to the digestion and production of essential metabolites, protects against 
pathogens, and influences immune development, gut barrier function, behavior, and drug metabolism. 
Adapted from Oliveira et al.36 

1. Digestion 

One of the main functions of gut microbiota is fermenting complex dietary polysaccharides that 

are indigestible by human enzymes. This fermentation converts complex carbohydrates into 

SCFAs, which serve as energy sources for colon cells and influence host metabolism, fat storage, 

and immune modulation. SCFAs will be discussed in more detail in the next chapter37,38.  
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The microbiota plays an important role in the availability of vitamins. It contribute to the 

biosynthesis of vitamin K and several B vitamins, which are essential for numerous biological 

processes in our body39.  

Both SCFAs and vitamins are essential for maintaining gut health, energy production, and 

modulating intestinal inflammation8.  

Additionally, gut microbes help protein metabolism, transforming amino acids into compounds 

like indoles, phenols, and bacteriocins, which are antimicrobial peptides that can shape the 

microbiome and inhibit pathogenic microbes9,40.  

Regarding bile acids, the liver produces primary bile acids that aid in fat digestion35. Once in the 

gut, microbes deconjugate and dehydroxylate them into secondary bile acids, which affect fat 

storage, metabolism, and absorption, and energy homeostasis9,40.  

In addition, gut microbes can modulate the efficacy of xenobiotics, such as antibiotics, bioactive 

dietary compounds, and drugs. The microbiota metabolizes these compounds, which can lead to 

reduced treatment effectiveness or altered drug availability, influencing the therapeutic 

outcomes36,41.  

2. Protection  

The gut microbiota acts as a first line of defense against the colonization and dissemination of 

pathogens, also known as colonization resistance42. Commensal microbes inhibit pathogens’ 

proliferation by consuming available nutrients and competing for adhesion sites along the mucus 

layer3.  

They also lower the lumen pH through SCFAs production, and the production of secondary bile 

salts also influences the growth of certain species, such as Clostridioides difficile43. Moreover, 

they secrete antimicrobial peptides and modulate host cell-signaling pathways that reinforce tight-

junction integrity8. Collectively, these mechanisms limit pathogen growth and help preserve 

epithelial barrier function44.  

3. Immune System 

The gut microbiota is essential for the development, maturation, and regulation of both the innate 

and adaptive immune systems, especially in early life9,11. After birth, exposure to microbial 

antigens helps the formation of gut-associated lymphoid tissue (GALT)11, which "educates" the 

immune system to distinguish between commensal and pathogens45, promoting immune 

tolerance while maintaining vigilance8.  

As the immune system matures, commensal bacteria contribute to the differentiation and 

expansion of immune cell populations, such as T and B lymphocytes11, supporting the balance 

between pro- and anti-inflammatory responses. For example, certain bacteria promote the 

differentiation of regulatory T cells (Tregs), which are essential for immune tolerance and prevent 

exaggerated inflammatory responses to harmless antigens45.  
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A critical part of this defense is the intestinal mucus barrier, particularly in the colon, where two 

distinct mucus layers protect the epithelial surface. The inner layer is dense and sterile, while the 

outer layer is more dynamic and rich in glycans secreted by goblet cells. These host-derived 

carbohydrates can be utilized as nutrients by commensal microbes, promoting their colonization 

and protection of the GIT9. Other defense mechanisms include the secretion of antimicrobial 

peptides (AMPs) and secretory immunoglobulin A (sIgA). sIgA, produced by B cells, binds 

microbial antigens and forms immune complexes that are presented to dendritic cells from GALT, 

facilitating immune tolerance and mucosal immunity1. Together, AMPs, mucin glycoproteins, and 

sIgA limit microbial overgrowth, reinforce the epithelial barrier, and modulate immune responses7.  

A stable and diverse microbiota is important for maintaining long-term immune balance by 

preventing overreactions to food antigens and to commensals, while enhancing defense against 

pathogens, and reducing the risk of allergic, inflammatory, and autoimmune diseases through 

immune cell signaling modulation8.  

4. Gut-Brain Axis 

The dynamic interplay between the gut microbiota and the central nervous system, known as the 

gut-brain axis, has gained significant attention in recent studies. This complex interaction occurs 

through neural, endocrine, immunological, and metabolic pathways46, involving microbial 

metabolites such as SCFAs and amino acid derivatives47.  

The gut microbiota can influence host behavior, mood, stress responses46, and cognitive 

functions. Alterations in the microbial community have been linked to various neuropsychiatric 

conditions, including anxiety, depression, and autism spectrum disorders47. Understanding this 

intricate relationship offers promising avenues for novel therapeutic strategies, including 

psychobiotics, which are live organisms that, when consumed in adequate quantities, may benefit 

mental health by acting through the gut-brain axis48. 

E. Factors That Shape the Human Gut Microbiota  

Although the microbiota shows resilience and functional redundancy, it remains a dynamic 

ecosystem that is continuously modulated throughout life by a complex interplay of intrinsic (host-

related) and extrinsic (environmental) factors, resulting in significant inter-individual variability49.  

External environmental exposures, such as dietary habits, living environment, cohabitation, 

neonatal feeding practices, medication use, and smoking, play a significant role in shaping the 

gut microbial community. In addition, host-related factors like genetic background, mode of 

delivery, physical activity, immune status, and age also influence its composition and functional 

capacity. These factors are summarized in Figure 1.3 and will be discussed in more detail below36. 
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Figure 1.3. Factors influencing the composition of the human gut microbiota. Both extrinsic 
environmental factors, including the built environment (the environment where we live), cohabitation, diet, 
infant feeding, medication, and smoking, and intrinsic host factors such as genetics, mode of delivery, 
physical activity, and age contribute to shaping gut microbial communities. Adapted from Oliveira et al.36 

1. Intrinsic Factors 

The fetus is thought to be colonized by the placenta microbiome, which may shape the fetal 

immune system and microbiota8. However, this hypothesis remains controversial, and current 

data are limited, requiring further investigation50. From the moment of birth, this dynamic 

ecosystem starts developing and progresses rapidly during infancy49.  

The mode of delivery influences the initial microbial composition of the newborn. Infants born 

vaginally acquire microbes resembling the mother’s vaginal microbiota, including the genera 

Lactobacillus and Prevotella, while those born by cesarean section are colonized by skin and 

environment microbes, such as Staphylococcus, Corynebacterium, and Cutibacterium (known as 

Propionibacterium in the old nomenclature)8,9. Cesarean-delivered infants typically exhibit lower 

microbial diversity and a higher risk of immune-related diseases3.  

Infant feeding also shapes the early colonization of microbes. Breastfed infants usually harbor 

diverse and complex microbiota, dominated by the genera Bifidobacterium and Lactobacillus9, 

while formula-fed infants tend to have higher abundances of the genera Escherichia, Bacteroides, 

and Clostridium3.  

The gut microbiota gradually increases in diversity and complexity during the first years of life, 

reaching an adult-like composition by approximately three years of age51. Throughout adulthood, 

the microbiota remains relatively stable but undergoes notable shifts during aging, often 

characterized by decreased diversity, reduction in beneficial Bacillota, and increased proportions 

of Bacteroides and Clostridiota, which may contribute to increased susceptibility to dysbiosis and 

age-associated diseases45.  
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Host genetics also plays a role in shaping the microbiota composition52, however, new evidence 

suggests that this influence has a minor role. This is supported by findings of microbiota 

similarities in genetically unrelated individuals sharing the same house53 and by a twin study 

reporting an average genetic contribution of only 8.8% of influence25. Additionally, sex-related 

differences in microbiota composition have been reported, potentially driven by the interaction 

between sex hormones and the gut microbiota54,55.  

2. Extrinsic Factors 

The environment where we live can influence our microbiota composition. Factors like exposure 

to pollutants, chemicals, and socioeconomic conditions vary with geography and cultural 

practices. These factors can shape our diet, medication, lifestyle, hygiene practices, and rural or 

urban living56. They are also reflected in the built environments we inhabit, such as transport 

systems and buildings, which harbor and transmit microbes across different areas and 

individuals57. 

Gut bacteria proliferation depends on the nutrients from the host’s diet as their primary energy 

source, making diet the most influential and modifiable factor in shaping microbiota composition. 

Diets rich in fiber promote the growth of SCFA-producing bacteria, which support a more 

beneficial effect on the immune system, weight, glucose homeostasis, insulin sensitivity, and food 

intake58. In contrast, Western diets high in saturated fat, refined carbohydrates, and animal protein 

are associated with reduced microbial diversity and with inflammatory diseases and allergies10. 

Since the diet is a modifiable factor, it is a potential therapeutic strategy to improve the diversity 

and stability of microbiota composition25.  

Medication use, especially antibiotics, can profoundly disrupt microbiota, reduce their diversity, 

and even lead to the loss of some species. It can also lead to dysbiosis, which can facilitate 

pathogen overgrowth in cases of resilience failure3. Other drugs, including proton-pump inhibitors, 

nonsteroidal anti-inflammatory drugs, metformin, and atypical antipsychotics, also alter microbial 

community structure and function59.  

Physical activity has been associated with increased diversity, improved metabolic functions of 

the gut microbiota, and less intestinal inflammation60,61. Other lifestyle factors, including stress, 

sleep quality, alcohol, and smoking, have been shown to affect both the composition and function 

of the gut microbiota3,5,56.  

F. Microbial Metabolites and Short-Chain Fatty Acids 

Beyond their taxonomic composition, gut microbial communities are functionally dynamic and 

produce a variety of metabolites that significantly influence host physiology38. 

Dietary plant fibers and polysaccharides are complex molecules that the human host cannot 

digest because of the absence of enzymes to decompose them29. These compounds reach the 

cecum and large intestine, where they are degraded by the gut microbiota. This process is done 

by anaerobic saccharolytic bacteria that ferment polysaccharides into various metabolites58, and 
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gases such as carbon dioxide, hydrogen, and methane62. Among these microbial products, 

SCFAs are the most studied due to their significant impact on host physiology38.  

SCFAs are saturated, aliphatic organic acids containing between one and six carbon atoms. For 

example, acetate (C2), propionate (C3), butyrate (C4), isobutyrate (C4), isovalerate (C5), and 

valerate (C5)62. The most abundant SCFAs in the gut are acetate, propionate, and butyrate, 

accounting for more than 95% of SCFAs production, and in a molar ratio of 60:20:20 in the colon 

and stool. Their production is influenced by the type and quantity of ingested dietary fibers, 

especially plant-based polysaccharides, resistant starches, and oligosaccharides. While the 

Western diet generally contains 20 to 25 grams of fiber per day, plant-rich diets provide 60 grams, 

affecting microbiota composition and type and quantity of metabolites produced58.  

Fecal SCFAs concentration can be between 10 and 30 millimoles per day in rich-fiber diets, and 

in normal diets, they can reach 5 to 15 millimoles per day. However, these concentrations in feces 

do not reflect the rates of SCFAs production in the GIT, because 95% of them are rapidly 

absorbed by the colonocytes and utilized by the host, and only a small fraction is secreted in 

feces58. SCFAs provide between 5 to 15% of human daily energy requirements and provide 60% 

to 70% of energy for colonic epithelial cells63.  

In the cecum and proximal colon, genera such as Roseburia and Faecalibacterium, from the 

Bacillota phylum, can constitute up to 20% of the gut microbiota in some humans. These bacteria 

help maintain an acidic environment of 5.5 through butyrate production. In contrast, in the distal 

colon, where fiber availability is reduced, the pH increases to around 6.5, and bacteria from the 

Bacteroidota phylum predominate, producing acetate and propionate. This pH variation helps 

prevent the overgrowth of pH-sensitive bacteria, like the families Enterobacteriaceae and 

Clostridiaceae58.  

SCFAs are also involved in the modulation of the enteric and central nervous system, being key 

in gut-brain communication, by modulating inflammation and serving as an energy source. SCFAs 

act locally via the enteric nervous system and influence the central nervous system, regulate 

intestinal inflammation, act as metabolic regulators, and improve the gut barrier. Changes in 

mood, behavior, and cognitive function have been linked to SCFAs, but the mechanism is poorly 

understood63.  

Butyrate is produced by different bacteria, such as Roseburia, Faecalibacterium, and 

Eubacterium58. It is formed from the condensation of two molecules of acetyl-CoA. After that, it 

can be converted by phosphotransbutyrylase and butyrate kinase to form butyryl-CoA, which is 

known as the classical pathway. Alternatively, the acetyl-CoA molecules can be transformed via 

the butyryl-CoA: acetate CoA-transferase pathway38. There are also other ways to produce 

butyrate, using pathways that involve glutamate or lysine, known as butyrogenic pathways62. 

Butyrate has been associated with the inhibition of histone deacetylases, leading to changes in 

gene expression through epigenetic regulation. This will influence cell differentiation, proliferation, 

and apoptosis in cancer cells, inhibiting tumor growth, suppressing cancer cell motility, and 

inducing their death63. It can also regulate genes associated with the reduction of pro-
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inflammatory cytokines, and induce macrophages to produce antimicrobial proteins, modulating 

the immune system62. Butyrate helps regulate gut permeability as it is the preferred energy source 

for colonocytes58 , by promoting activation of genes to form the tight junctions, and also modulates 

mucus production by stimulating goblet cells. Additionally, it can cross the blood-brain barrier and 

has been associated with neurotransmitter production and energy metabolism, improving insulin 

sensitivity and reducing inflammation in adipose tissue63. Most butyrate is consumed locally in 

the colon by colonocytes, and a smaller portion is absorbed into the bloodstream and oxidized in 

the liver58.  

Acetate is produced by bacteria such as Clostridium, Bifidobacterium, and Akkermansia37, and is 

synthesized from pyruvate. This production can occur through two main pathways, the classic 

pathway, where acetate is produced via acetyl-CoA hydrolysis, and the Wood-Ljungdahl pathway, 

which has two branches. The first branch involves the reduction of the CO2 to formate, while the 

second branch involves the reduction of CO2 to CO,  which then combines with a methyl 

group38,62. Around 70% of acetate is used by the liver for energy production and the synthesis of 

cholesterol, fatty acids, glutamine, and glutamate, as well as gluconeogenesis. The remaining 

acetate is distributed to peripheral tissues, like the heart, adipose tissue, kidneys, and muscles58. 

Acetate can also cross the blood-brain barrier and has been shown to help reduce appetite in 

rodents63. In addition, it has anti-inflammatory effects and protects the epithelial barrier by 

increasing tight junction expression and reducing intestinal permeability63. 

Propionate is produced by bacteria such as Bacteroides and Clostridium genera58 and is 

synthesized from succinate, via succinate pathway, or from acrylate with lactate, via acrylate 

pathway, and also from fucose and rhamnose via propanediol pathways, found in 

Lachnospiraceae and Ruminococcaceae species38. About 30 to 50% of propionate in the 

peripheral circulation is taken up by the liver from the portal circulation, where it is used for 

gluconeogenesis and to lower cholesterol synthesis58. Propionate also regulates gut hormones, 

such as peptide tyrosine tyrosine (PYY) and glucagon-like peptide-1 (GLP-1), which help control 

appetite, energy balance, and reduce weight gain. Additionally, it reduces inflammation, regulates 

tight junction proteins, and supports gut barrier function by promoting mucin production63.  

Nitrogen is essential for bacterial growth, and approximately 50% of the host’s urea is hydrolyzed 

to ammonia (NH3) in the large intestine. Proteolytic fermentation of bacterial proteins and amino 

acids produces potentially toxic metabolites, including amines, phenolic compounds, and volatile 

sulfur compounds. This process also generates branched-chain fatty acids such as isovalerate, 

isobutyrate, and 2-methylbutyrate, and branched-chain amino acids valine, isoleucine, and 

leucine. These amino acids contribute to the production of SCFAs38,58. 

The balance and availability of SCFAs are closely linked to gut health. Low levels are associated 

with a negative impact on human health and are observed in individuals with inflammatory bowel 

disease (IBD), type 2 diabetes, autoimmune disorders, obesity, irritable bowel syndrome, and 

colorectal cancer. Conversely, high levels are associated with a decrease in their absorption, 
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some studies show high levels of propionate linked to type 2 diabetes and obesity, and increased 

acetate levels promote lipogenesis and obesity37.  

Metabolomics is used to uncover and characterize the metabolites in a biological sample. With 

this, it is possible to understand how food is digested, absorbed, and fermented in the GIT and 

how these processes impact human metabolism. It provides information about bioaccessibility, 

absorption, food residues in the colon, and microbiota activity. Fecal metabolites may reflect gut 

and host health and could serve as potential diagnostic biomarkers, however, some studies report 

individual variability64. Current research suggests that functional capabilities may be more 

indicative of health than microbiota composition49.  

One technique used to detect SCFAs in human samples is proton nuclear magnetic resonance 

(1H-NMR) spectroscopy. This method can detect more than 70 metabolites in feces and is based 

on the magnetic properties of the hydrogen nuclei37. With high reproducibility, low sample 

preparation requirements, moderate sensitivity, and rapid data acquisition, 1H-NMR is a reliable 

method for metabolite analysis37. Also, the peaks can be quantified using internal standards64. 

However, it can be expensive due to the use of deuterated solvents, which are used to minimize 

interference from water protons and allow spectra visualization37.  

G. Current Knowledge Lacks Longitudinal Studies 

Despite significant progress in gut microbiome research over the past two decades, defining a 

healthy gut microbiota is a challenge in humans, since there is a substantial individual variation49. 

Most microbiome studies are based on cross-sectional data, which provide a single snapshot of 

the microbial community at one point in time10.  

To understand the temporal dynamics of the microbiome, how it changes over time, and the 

relation with various factors and their implications for health and diseases, longitudinal studies 

are essential. In these studies, the same individuals are sampled across multiple time points 

(TPs)49. These studies provide a unique opportunity to understand intra-individual variation over 

time, explore the impact of early microbiome signatures through life, the effects of social and 

lifestyle factors on microbial composition, and observe microbial responses to perturbations, such 

as antibiotic use or dietary changes. They can also help identify early microbial signatures that 

predict future disease or response to treatment10,65.  

Sampling the same individual several times can provide information about host genetic effects, 

identify microbial taxa that are heritable, minimize cohort effects, and reveal age-related changes 

in the microbiome. This approach can reveal host-associated microbes. If they remain stable over 

time, it may suggest better adaptation to the environment. On the other hand, if variance occurs, 

it could indicate a higher capacity for adaptation to environmental changes or other perturbation. 

Such studies can help distinguish which microbial communities are more stable and which ones 

fluctuate more over time10,65.  
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However, longitudinal microbiome studies remain limited due to several scientific, logistical, and 

financial challenges18. Maintaining participant engagement over extended periods is difficult, and 

dropout rates can be high. In addition, sampling intervals may be inconsistent, which can 

complicate data interpretation. Despite these challenges, longitudinal studies remain a crucial tool 

for uncovering how the gut microbiome interacts with the host over time and for distinguishing 

between expected variations or fluctuations and changes that may reflect environmental shifts or 

imbalances potentially associated with diseases65.  

H. Citizen Science Approach: Engaging the General Portuguese 

Population (Focus on Lisbon) 

To address the lack of gut microbiome data in Portugal, particularly in the context of longitudinal 

studies, this work adopted a citizen science framework. Citizen science is defined as the active 

participation of the public in scientific research, either as collaborators or contributors, with the 

aim of advancing and generating scientific knowledge. Participants may contribute in various 

stages of the research process and receive feedback on their participation. They can help with 

data and sample collection, help formulate research questions, and even contribute to data 

analysis and interpretation66.  

Effective citizen science projects must be accessible, transparent, and collaborative. These 

projects should provide mutual benefit, citizens can share their knowledge, improving research 

quality, while scientists promote scientific literacy, contributing to the truths in science67. This 

approach aligns with the ten principles of the European Citizen Science Association (ECSA). The 

data generated must be available in open access, in accordance with ethical guidelines and the 

principles of open and democratic science68. 

Several large-scale microbiome studies have successfully implemented this approach. Notable 

examples of citizen science projects include the American Gut Project54, the British Gut Project69, 

and the Flemish Gut Flora Project70, where citizens contributed fecal samples to advance our 

understanding of gut microbiome diversity. Other initiatives include Isala, focused on the vaginal 

microbiome in Belgium71, and Saca La Lengua, which explores the oral microbiome in Spain72.  

Citizen Science strategies have enabled large-scale sample collection over time, with public 

involvement in microbiome research and promoting scientific and health literacy66. Moreover, it 

aligns with the priorities of the European Commission, which encourages open science, data 

democratization, and public engagement in research73.  

The citizen science approach of Microbioma Comunidade Portugal was launched in 2024 under 

the Programa Ciência + Cidadã (C+C Program), as part of the Open Science strategy in Oeiras. 

The program currently supports nine dynamic citizen science projects that address critical 

challenges in sustainable agriculture, microbiology, health, environment, and climate change. 

Through the active involvement of citizens, these projects have already produced peer-reviewed 
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publications, gained international recognition, and secured European Union funding and awards, 

thereby demonstrating the transformative potential of collaborative science74, 75, 76.  

In the present study, the composition of the intestinal microbiota in the portuguese population was 

analysed, with a focus on families living around Oeiras, and the variations over time at the phylum 

level were examined. Microbial diversity at the first time point was evaluated, along with 

metabolomic profiling on some individuals, particularly the temporal variation of SCFA levels. 

Overall, this project gives a general picture of how the microbiota and its metabolic activity change 

over time in a local portuguese group. 
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 MATERIALS AND METHODS 

A. Experimental Design and Data Collection Procedures 

1. Study Design 

The Microbioma Comunidade Portugal project was a longitudinal observational study, designed 

to analyse the microbiome composition over time of participants from different families. The study 

involved non-invasive sample collection and data gathering from a diverse population living in the 

Lisbon metropolitan area, especially in the Municipality of Oeiras. 

This study was conducted at the Gulbenkian Institute for Molecular Medicine (GIMM) in Oeiras, 

where the scientific coordinators Isabel Gordo and Karina Xavier are based. The project was 

carried out in collaboration with several institutions, such as Católica Biomedical Research Centre 

(CBR, Luis Teixeira), GIMM CARE (Ana Margarida Almeida), Everything is New (Patrícia Morais), 

Instituto de Tecnologia Química e Biológica António Xavier (ITQB NOVA, Sarela Santamarina 

and Maria João Leão), C+C Program (Maria João Leão), and Oeiras Municipality. 

2. Ethical Approval 

The study was approved by the Ethics Committee of IHMT – ITQB – NSL – IGC on March 13, 

2024, following ethical guidelines. 

3. Inclusion Criteria 

• Participants must be between 5 and 99 years old and reside in the 

metropolitan area of Lisbon, particularly in the Municipality of Oeiras. 

• Samples from at least two family members (individuals with a kinship 

relationship or living in the same household) are required. 

• Participants must provide some personal data and report whether they have 

any diagnosed diseases, medication, including antibiotics. 

• People with chronic diseases such as diabetes, obesity, hypertension, and 

thyroid disorders were not considered exclusion factors due to their high 

prevalence in our community. 

4. Exclusion Criteria 

• Individuals with diagnosed intestinal diseases or undergoing treatment for 

oncological diseases were excluded.  

• Pregnant individuals were not eligible to participate. 

5. Recruitment and Selection of Participants 

The recruitment of participants was carried out under the coordination of the C+C Program. The 

project was disseminated through the social networks of partner institutions, by email, flyers, 
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newsletters, and video. It was also promoted during the Open Day events of GIMM and ITQB 

NOVA, in schools, universities, and senior academies. During these events, the objectives of the 

project were presented, and flyers containing a QR code linking to a quiz were distributed, offering 

participants the option to provide an email address for further contact. 

With this study, the goal was to recruit about 30 families, with a total of between 120 and 150 

participants. Each person was asked to collect three fecal samples during a period of six months, 

one sample every two months, and the collection could be different between participants, even 

within the same family.  

For the selection, the inclusion and exclusion criteria were considered, as well as the order of 

inscription, with preference for those residing in Oeiras. This study was designed to last 1 to 2 

years. 

6. Kit Composition 

The kit Microbioma Comunidade was developed based on the Kit EasySampler® (Ref. 107000) 

with the addition of a tube with DNA stabilizer from Invitek (Ref. 1038111200). These kits were 

funded by the C+C Program and assembled at GIMM Oeiras with the help of citizen scientists 

and contains: 

• The sampling base; 

• Two spoons to assist with sample collection; 

• One pair of gloves to prevent contamination; 

• The protocol Microbioma Comunidade Portugal for sample collection; 

• An informative leaflet about the importance of the microbiome; 

• Three stickers, two for labelling the tubes and one for the envelope; 

• Three documents: 

o Informed consent of the project; 

o Informed consent for photos, as part of the Citizen Science project; 

o A questionnaire to be filled out during each sample collection. 

• Two tubes: 

o Tube from the original kit, without any liquid; 

o Tube with DNA stabilizer from Invitek. To prevent leakage, this tube 

was placed inside a larger tube, with absorbent paper to ensure 

safety in case of any spillage. 

Note: To avoid mistakes during sample collection, a one-pea icon 

was placed on the tube with the DNA stabilizer and a three-pea icon 

on the empty tube for easy identification. 

• A bag and an envelope for storing the samples after collection. 
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All items were packed inside the plastic bag, and each box included the number of kits needed 

according to the number of participants per family. If they did not cohabit, a new box was 

delivered. The box and its composition are present in Figure 2.1. 

Figure 2.1. (A) Box and (B) contents of the Kit Microbioma Comunidade. It includes all materials 
required for sample collection, including sampling base, gloves, spoons, two tubes, three stickers, the 
sample collection protocol, informed consent documents, a questionnaire, an informative leaflet, and storage 
materials. 

7. Sample Collection and Documentation 

The sample collection was done before the day scheduled for delivery, since they needed to be 

delivered to GIMM Oeiras within 24 hours. The participants collected the samples at their homes 

using the kit and following the protocol Microbioma Comunidade Portugal. After sample collection, 

the tubes were placed in the plastic bag, then in the envelope, to be stored in the refrigerator at 

4ºC.  

When the first sample was delivered, the informed consents and questionnaires were also 

received. Informed consent for children and adolescents was obtained from their parents or legal 

guardians. Then the second box of the kit for the second collection was provided, and the 

following collection was done in the same manner. The schedule for the collections was arranged 

by phone call, with approximately two months apart, and based on the availability of the 

participants.  

8. Participant Data  

Personal data were collected through the questionnaire. All this information was transferred to an 

Excel file for the metadata of the samples. This included information on health, probiotics, 

diseases, medication, including antibiotics, and pregnancy. It also covered lifestyle factors such 

as diet, alcohol consumption, fruit and vegetable intake, dairy intake, and smoking. For bowel 

health, participants provided data using the bristol stool chart (BSC), stool colour, bowel 

A) B) 
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movements, and frequency. Additionally, birth-related information was gathered, including birth 

method, place of birth, and country, breastfeeding history, as well as personal details like year of 

birth, weight, height, sex, residence, blood type, family, and profession. These responses were 

filled out with the participant’s code to maintain anonymity. 

All participant information was encrypted with a family code and a personal code to ensure 

privacy. The code was delivered to the responsible of the family, following the European Union 

General Data Protection Regulation (2016). Only the scientific coordinator and the project 

logistics manager know the password and have access to these files. The information will be 

stored in the office of the scientific coordinator for a period of three years, after which it will be 

destroyed. 

9. Fecal Sample Processing 

Fecal samples were delivered to GIMM Oeiras by a member of the family or collected at 

participants’ homes. They were stored at 4°C on the laboratory refrigerator until further 

processing, with a maximum of 48 hours. To ensure biosafety conditions and prevent 

contamination, all procedures were carried out in a controlled environment in Biosafety Level 2 

(BSL-2). Before sample processing, five eppendorf tubes of 2 mL were pre-labelled and weighed. 

Each fecal sample present in the tube without any liquid was aliquoted into those sterile eppendorf 

tubes, with approximately 100 mg per tube. Tubes were then cleaned with virkon and ethanol to 

minimize contamination and weighed. 

For metabolomic analysis, the aliquoted samples were immediately frozen on dry ice. It is 

recommended that samples be frozen as soon as possible after collection to preserve their 

integrity. For cultivation purposes, 800 µL of phosphate-buffered saline (PBS) was added to each 

tube with the sample, and the mixture was homogenized using pestles. Subsequently, 800 µL of 

a 40% glycerol / 0.2% cysteine hydrochloride monohydrate solution was added and homogenized 

by vortexing. The tubes were also placed on dry ice. After processing all the tubes, they were 

cleaned with virkon and ethanol and placed in a plastic bag to leave BSL-2. One of the tubes for 

cultivation was prepared and delivered to Sarela Santamarina at the ITQB for studies beyond this 

project. The other four tubes were stored at -80ºC freezers in GIMM Oeiras. 

B. Microbiota of the Human Fecal Samples 

1. Aliquots and DNA Extraction  

The tubes with the DNA stabilizer were maintained in the refrigerator until the delivery to GIMM 

CARE in Lisbon, at a maximum of two-month intervals. When the tube arrived, the samples were 

aliquoted into five tubes and frozen at -20ºC. DNA extraction was performed in two aliquots, 

following the ZymoBIOMICS DNA Kits protocol. The DNA concentration was measured using 

Qubit and then frozen at -20ºC. One aliquot was sent to Novogene for sequencing, and the other 

remained at the Biobank under the responsibility of Ana Margarida Almeida. 
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2. Library Construction and Sequencing 

Novogene performed the sample quality control by first assessing DNA quantification using a 

NanoDrop spectrophotometer, followed by evaluation of DNA degradation and contamination 

using agarose gel electrophoresis. After passing this first quality check, PCR amplification was 

performed targeting the V4 region of the 16s rRNA gene using the forward primer 

GTGCCAGCMGCCGCGGTAA and reverse primer GGACTACHVGGGTWTCTAAT, both 

containing sample-specific barcodes. The PCR products were then purified to remove primers 

and enzymes through a 2% agarose gel electrophoresis, and size-selected for the library 

preparation. The same amount of the PCR products from each sample was used for library 

construction, which included end repair, A-tailing, and ligation of Illumina adapters. The integrity 

and size of the library were confirmed using the Agilent 5400 system and quantification by qPCR. 

Sequencing was then performed in one run on the Illumina NovaSeq platform. The original data 

generated by the platform were demultiplexed by Novogene based on sample-specific barcodes 

and transformed to Sequenced Reads, also known as Raw Data, and recorded in a FASTQ file, 

with the sequenced reads and their corresponding quality. 

3. Processing and Analysis of 16S rRNA Sequencing Data  

i. Barcodes and Primers Removal 

The initial step involved the removal of barcodes and primers, using Cutadapt (v2.3), to obtain 

the sequenced reads.  

ii. Quality Assessment of Reads 

Then the quality of raw reads was assessed with FastQC (v0.11.9). Individual reports for each 

sample were then summarized using MultiQC (v1.19), which provided an easy visualization of the 

quality results across all samples.  

iii. Import Data into R 

The FASTQ files were imported into R (v4.4.2) through RStudio (v2024.12.1.563).  

iv. DADA2 Pipeline 

The data was processed with the DADA2 Pipeline Tutorial (v1.16) and using the DADA2 package 

(v1.34.0). 

Quality Inspection and Trimming: 

Quality profiles of forward and reverse reads were visually inspected and then truncated at 210 

bp to remove low-quality ends. 

Error Rate Model: 

DADA2 sequencing error models are specific to each dataset, and based on them, it learns error 

rates. Since NovaSeq platforms use binned quality scores, which means that instead of a 

continuous quality score, they are discrete, the monotonic error function was used to adjust the 

model appropriately. 
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Dereplication and Sample Inference: 

Reads were dereplicated automatically, which identifies and groups identical reads into a unique 

sequence with their respective abundance. Sample interference was then conducted with the 

monotonic error model, correcting substitutions, insertions, and deletions. This step produces 

ASVs, representing the biological DNA sequence present in each sample, with single-nucleotide 

resolution.  

Merging Paired-End Reads: 

Forward and reverse reads were assembled, requiring sufficient overlap and perfect matching in 

the overlapping region. Non-overlapping or mismatched reads were discarded. 

Chimera Removal: 

During the PCR, the DNA strand can not be fully extended, detach from the template, and anneal 

to a different template. This form of chimeric sequences needs to be removed to trust our data. 

This remotion was performed using the consensus method, which identifies ASVs that can be 

reconstructed from the combination of more abundant sequences. 

Taxonomic Assignment 

Taxonomy was assigned to the resulting ASVs using the SILVA reference database (v138.2). 

This classifier was recently updated and is highly used in microbiome studies, allowing 

classification at the species level. However, the V4 region has a limited resolution at that 

taxonomic level, since it is a small part of the 16s rRNA gene. 

v. Phylogenetic Tree Construction 

A phylogenetic tree was constructed using the neighbor-joining method implemented in the 

phangorn package (v2.12.1). This method offers a good balance between speed and accuracy 

for the dataset analysis. 

vi. Construction of the Phyloseq Object  

A complete microbiome object was created using the phyloseq package (v1.50.0), which 

integrates the taxonomic table, sample metadata, ASV abundance table, and the phylogenetic 

tree into a single data structure for downstream analysis. 

vii. Contaminant Filtering 

To identify potential contaminants, the decontam package (v1.26.0) was used, applying both the 

prevalence and frequency-based methods based on the AVSs of the negative controls. 

viii. Filtering Steps 

The dataset was refined by removing ASVs not classified as Bacteria at the kingdom level, ASVs 

unclassified at the phylum level, and low-abundance ASVs with fewer than 100 total reads. 

ix. Data Visualization and Diversity Analysis 

Microbiota composition at the phylum level was visualized using ggplot2 (v3.5.1). Microbial 

diversity was assessed using alpha and beta diversity. These metrics were calculated to 
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characterize the richness and variability of the gut microbiota across TPs and participants. Data 

dispersion was assessed using the interquartile range (IQR), represented by the first (Q1) and 

third (Q3) quartiles. 

Alpha diversity is a metric that measures the diversity of a sample, and has different metrics, such 

as the observed or richness, that uses the number of ASVs in the sample, Chao 1 index estimate 

the richness based on the total species richness, Shannon index measure the richness and the 

equity based on the abundance distribution, and Simpson index is the probability of two random 

reads being from the same species. 

Beta diversity is a metric that compares the composition between different samples. It uses 

different distance metrics such as the Bray Custis distance, that is based on the dissimilarity and 

the abundance, the Jaccard Index, that measures the dissimilarity based on the presence and 

absence of species, and the Unifrac distance is based on the phylogeny and can be related with 

the presence and absence, Unweighted Unifrac, and based on the relative frequence, Weighted 

Unifrac. 

Note: These steps were also performed using rarefaction at 20,000 reads per sample, and similar 

results were obtained. However, since rarefaction can affect the results77, all analyses presented 

in the following section were conducted without rarefaction. 

4. Statistical Analysis 

To the analysis at the phylum level and the ratio Bacillota/Bacteroidota, the Kolmogorov–Smirnov 

test was used to understand if the dispersion would be different between time points, and the 

Wilcoxon signed-rank test to compare the paired samples, also between time points. Also, the 

Fligner-Killeen test was used to test if the variances were similar at the phylum level between time 

points.  

To correlate different variables, the Spearman correlation test was used to understand if one 

variable influences the other variable. 

For the alpha analysis, a Wilcoxon rank-sum test for independent samples with only two factors 

and a Kruskal-Wallis test for variables with more than two factors. The beta analysis for intra- and 

inter-individual variation was conducted with the Wilcoxon rank-sum test. 

The statistically significant data was considered when the p-value < 0.05. 

C. Metabolomics of the Human Fecal Samples 

1. Samples Chosen for Metabolomic Analysis 

For the metabolomic analysis, to simplify and due to time constraints associated with analysing 

such a large dataset, one sample per family was selected. The criteria for sample selection 

included availability at both time points, adult individuals of approximately the same age, a 

balanced gender ratio, and a shorter time interval between sample collection and processing. 
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2. NMR Sample Preparation and Filtration of Fecal Metabolites 

To determine the metabolic environment in the fecal samples of humans, we used 1H-NMR 

analysis. Sample preparation and filtration steps were performed under BSL-2 conditions, while 

filter preparation was carried out in a standard laboratory environment. 

Fecal samples were diluted in 1 ml of deuterated water (D2O, 99,9% Sigma-Aldrich), and 0.3 g of 

0.1 mm glass beads (Scientific Industries SI-BG01) were added. Tubes were sealed with parafilm, 

wiped with virkon and ethanol, and transferred out of BSL-2 for bead-beating using a QIAGEN 

Retsch Tissuelyser II for two 1-minute cycles with a pulse of 30 Hertz per second, and with plate 

inversion between cycles. Samples were transported to BSL-2, unsealed, and centrifuged at 

14000 RPM for 30 minutes at 4°C to remove the glass beads and debris. Supernatant was 

collected and filtered through a 0.22 µm syringe filter (Avantor) and followed by 3 KDa filters 

(Vivaspin® 500) in a centrifuge at 15000 RCF and 4ºC for seven hours or left overnight to obtain 

at least 150 µl of filtrate. Samples were stored at -80°C freezer until spectrum acquisition. 

3. NMR Spectrum Acquisition for Fecal Sample Metabolomics 

For NMR spectrum acquisition, samples were defrosted at room temperature, and the preparation 

was carried out in a previously washed 5 mm glass NMR tube.  

The phosphate buffer was prepared using KH2PO4 (potassium dihydrogen phosphate) and 

K2HPO4 (dipotassium hydrogen phosphate) at 350 mM and with 2% of NaN3 (sodium azide) to 

obtain a pH close to 7. 

To each NMR tube, 380 µL of D2O, 60 µL of phosphate buffer, 10 µL of a 0.05% (w/v) 3-

(trimethylsilyl) propionic acid-2,2,3,3-d4 sodium salt (TSP-d4, Sigma-Aldrich, 0.04949 mM, as 

internal standard for quantification), and 150 µL of the fecal sample were added. The mixture was 

then homogenized by inversion, and the pH was measured. 

The samples were run on a Bruker AVANCE II+ 500 MHz instrument equipped with a 5 mm 

TCI(F)-z H-C/N Prodigy cryo-probe. With the TopSpin program (v4.0.7), the system was locked 

on the deuterium signal from D2O to maintain the stability of the magnetic field. Tuning and 

matching adjustments were performed to optimize the frequency of resonance of the probe and 

the signal transference between the probe and the spectrometer, minimizing energy loss. 

Followed by shimming to ensure homogeneity of the magnetic field. The receiver gain, or the 

amplification of the received signal by the probe, was adjusted to 101. The 90° pulse was 

calibrated to obtain a better signal, and water suppression was optimized to allow spectrum 

visualization. Spectrum acquisition was done with the 1D NOESY pulse sequence with pre-

saturation (noesypr1d), enabling suppression of the solvent signal while detecting spatial 

interactions between protons. The acquired spectrum was 200 scans at 25ºC, and the phase 

correction was performed to obtain peaks symmetric and clear. Samples were processed 

sequentially following the same procedure. 
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4. Metabolites Identification in Chenomx 

Using the Chenomx program (v8.11), the acquired spectrum was imported into the Processor 

tool. The processing needs the pH of the sample and the concentration of the standard used. 

Then, the removal of water peak, baseline correction using Autospline, and chemical shift imaging 

(CSI) calibration were performed to obtain a good spectrum enabling the correct quantification of 

the metabolites based on the internal standard peak (TSP-d4). The spectrum was saved as a 

Chenomx spectrum file and imported into the Compound Builder tool, where peaks were manually 

assigned to reference peaks from the compound library of the program, enabling the 

determination of the SCFAs concentration in the sample. 

5. Quantification of Metabolite Concentration 

The first step is adjusting the concentration of the sample to the dilution factor. With the NMR 

spectra, we obtain the concentrations in µM of the contents inside the NMR tube. Since 150 µl of 

the sample was diluted in the tube with phosphate buffer, TSP-d4, and D2O, the concentration 

must be adjusted by multiplying by a factor of 4, since the total volume of the tube was 600 µl.  

The next step is to convert the concentration in the 150 µl of sample filtrate back to the initial 

volume in which the fecal material was resuspended. The initial volume is considered as the 

weight of the fecal material (assuming 1 g = 1 mL) plus the 1 mL of D2O added. To obtain the 

quantity of each fecal metabolite in µmol, the concentration was multiplied by the total sample 

volume in liters, assuming no loss of measurable entities during extraction.  

Finally, mass normalization accounts for different fecal sample masses. To obtain the amount of 

metabolites (µmol) per mass of the sample (g), we divide by the total sample weight.  

These steps allow the quantification of metabolites normalized to both volume and sample mass, 

ensuring consistency across different experimental conditions. 

The next equation represents the normalization procedure. 

𝐷𝑖𝑙𝑢𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 ∗ 𝑁𝑀𝑅 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (µM) ∗ 
𝑆𝑎𝑚𝑝𝑙𝑒 𝑉𝑜𝑙𝑢𝑚𝑒

1000
(𝑙)

𝑆𝑎𝑚𝑝𝑙𝑒 𝑊𝑒𝑖𝑔ℎ𝑡 (𝑔)
   

µmol

𝑔
  

6. Statistical Analysis 

Statistical analyses of metabolomic data were performed in R, using the same packages applied 

in the microbiota analysis.  

To compare metabolite concentrations between the two time points, the Wilcoxon signed-rank 

test for paired samples was used.  

Correlations between microbiota composition and metabolite levels were assessed using 

Spearman correlation, with a Benjamini-Hochberg correction applied to account for multiple 

testing.  

Statistical significance was defined as a p-value < 0.05. 
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 RESULTS AND DISCUSSION 

A. Logistics and Demographic Characterization of the Citizen 

Science Cohort 

To obtain a longitudinal characterization of the microbiome population in the Lisbon area, mainly 

in Oeiras, we started the Microbioma Comunidade Portugal project, a pioneering citizen science 

microbiome project in Portugal. 

This section describes the logistical organization of the project, how participants were recruited, 

the profile of participating families, the data collected, and the challenges encountered in a 

longitudinal study. 

1. Project Launch and Participant Recruitment 

The launch of the Microbioma Comunidade Portugal project took place on July 10, 2024, at the 

Municipal Library of Oeiras. This event was promoted through social media, flyers, and posters 

across partner institutions, attracting more than one hundred participants. During the session, the 

project goals, kits, and sample collection protocols were presented by Patrícia Morais and the 

other team members. Partners also discussed the importance of microbiome research with the 

community. Attendees interested in participating were invited to leave their email addresses for 

future contact. 

Following this event, additional outreach activities were conducted, under C+C Program with 

Patrícia Morais collaboration, to engage more participants. These included participation in the 

International Microorganism Day event organized by ITQB NOVA at Santo Amaro Beach, the 

NOS Alive music festival in Algés, and the European Researchers’ Night at Oeiras Marina. At 

these events, attendees could complete a microbiome quiz via QR code and leave their contact 

information.  

In August and September, the participant information package and forms were sent to the 

collected emails. Eligible participants completed the forms to provide data such as name, phone 

number, email, number of family or household members, presence of gastrointestinal diseases, 

ages of family or household members, area of residence, pregnancy status, and an open field for 

any additional questions or concerns. 

2. Participant Selection and Inclusion 

In total, 56 registrations were received. Of these, 11 were excluded for not meeting the study 

inclusion criteria. From the remaining 45 families, 37 were contacted by phone to confirm their 

interest in participating. Four families did not respond to phone calls and were subsequently 

contacted by email, but only two confirmed their participation. Three of the contacted families 

declined to participate in the study. 
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For the 32 families who agreed to participate, an appointment was scheduled at GIMM Oeiras in 

September with a representative from each family. 

During this visit, participants received a kit and a detailed explanation of its contents, along with 

instructions for sample collection and storage based on the Microbioma Comunidade Portugal 

protocol. Any questions or concerns about participation were addressed during this appointment. 

After the explanation, the first sample collection was scheduled, and participant codes were 

provided via email. For participants who requested home sample collection, appointments were 

arranged accordingly. 

3. Longitudinal Sample Collection Workflow 

Participants were instructed to collect the sample as close as possible to the delivery time, with a 

maximum of 24 hours allowed between collection and delivery, and a maximum of 48 hours until 

processing. The samples should be kept in the refrigerator, and for travel times exceeding 15 

minutes to GIMM Oeiras, samples should be transported in a thermal bag with ice or a similar 

cooling method. Samples were required to be always refrigerated to prevent bacterial overgrowth 

and preserve integrity. 

Sample deliveries were scheduled for the morning, with a daily limit of 12 samples, to ensure 

timely processing under controlled conditions. This limit was established to minimize the time 

between collection and processing, thereby preserving sample quality. Maintaining homogeneity 

in sample handling is essential to minimize possible confounding factors in microbiome studies21.  

However, since samples were not always delivered immediately after collection, some variation 

in the time from collection to processing occurred. On average, 5.4 samples were processed per 

day over 64 collection days, and the median time until processing from the sequenced samples 

was 18 hours and 30 minutes. 

To support the continuity of longitudinal sampling, new kits for the subsequent collection were 

distributed after each delivery. Appointments for these collections were arranged by phone, 

depending on participant availability, and were scheduled approximately two months apart. If the 

family contact did not answer, a reminder message was sent. It was occasionally observed that 

one of the questionnaires was missing following sample delivery. When that occurred, the family 

responsible was contacted to provide the missing document. 

The first time point (TP1) took place between August and October, the second time point (TP2) 

from October to December, and the third time point (TP3) from December to February. Although 

the intended interval between collections was approximately two months, scheduling conflicts 

sometimes occurred, leading to deviations from this timeline. 

The main challenges during the collection process included difficulties in contacting participants, 

the need to reschedule appointments, and occasional delays in delivery. In some cases, families 

requested home collection, requiring the team to remain flexible and available on short notice. 

Good communication and adaptability were key to keeping participants engaged and ensuring 
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the quality of both biological and contextual data. Maintaining participant involvement is 

particularly important in longitudinal studies, where repeated engagement is needed over time78.  

The logistics of the sample collection across the three TPs are summarized in Table 3.1. The 

numbers reflect the family representative, who requested home collection, was contacted multiple 

times, needed to reschedule, or delivered family samples on different days. 

Table 3.1. Logistics of sample collection across three time points based on one contacted person 
from the 32 families. Each value refers to the number of families represented by the family representative 
contact, who required logistical support during each phase of sample collection. Categories include requests 
for home collection, multiple contact attempts, rescheduled appointments, and deliveries on different days. 

  Collection Logistics 
First sample 
collection 

Second sample 
collection 

Third sample 
collection 

Home collection requested 5 8 6 

Contacted more than once 17 21 20 

Rescheduled appointments 4 9 9 

Delivered on different days 14 15 15 

As shown in Table 3.1, the number of families requesting home sample collection increased from 

five at TP1 to eight at TP2, then slightly decreased to six at TP3. This trend suggests that while 

most families initially managed in-person delivery, some required more assistance as the study 

progressed.  

Similarly, the number of families contacted multiple times increased, from 17 at TP1 to 21 at TP2 

and remained high at TP3. This reflects the increasing effort required to maintain engagement 

over time.  

The number of rescheduled appointments also increased, from four families in TP1 to nine in both 

TP2 and TP3, likely due to difficulties balancing study commitments with personal and family 

responsibilities. 

Additionally, nearly half of the families delivered their samples on different days within the same 

collection round. This often occurred due to difficulties coordinating collection among family 

members, especially in households with young children, complex work schedules, or non-

cohabiting relatives. 

These findings highlight the logistical complexity of longitudinal sample collection in community 

studies. They reinforce the need for flexible scheduling, ongoing communication, and responsive 

participant support to ensure high-quality, consistent data and maintain long-term participation78.  

4. Composition of the Study Cohort 

In total, 119 individuals participated in the study, distributed across 32 families. Table 3.2 

summarizes the age group and gender distribution of the participating families. 
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Table 3.2. Summary of the number of participants, their age group, and gender distribution across 
families. Each row represents a family, and the final row contains the total count across all families. Age 
groups are defined as children and adolescents (5–17 years), adults (18–65 years), and seniors (over 65 
years). Gender is indicated by the letters M for male and F for female. 

Families 
Kids/Adolescents 
(Gender) Adults (Gender) 

Seniors 
(Gender) 

TOTAL 

1 3(M,M,M) 2(M,F)  5 

2  2(M,F)  2 

3   2(M,F) 2 

4  3(M,M,F)  3 

5 3(F,F,M) 2(M,F)  5 

6  2(M,F)  2 

7 2(M,F) 1(F)  3 

8 2(F,F) 2(M,F)  4 

9 2(M,F) 2(M,F)  4 

10 2(M,M) 2(M,F)  4 

11 2(M,M) 2(M,F)  4 

12 1(M) 2(M,F)  3 

13 1(M) 2(M,F)  3 

14 1(F) 2(M,F)  3 

15  2(M,F)  2 

16  4(M,M,M,F)  4 

17 4(F,F,F,M) 6(M,M,M,F,F,F) 1(F) 11 

18   2(M,F) 2 

19 2(F,F) 5(M,M,M,F,F) 1(F) 8 

20  1(M) 1(F) 2 

21 2(F,F) 2(M,F)  4 

22 2(F,F) 3(M,M,F) 3(M,F,F) 8 

23  2(M,F)  2 

24 2(F,F) 2(M,F)  4 

25  3(F,F,F) 2(M,F) 5 

26  3(M,M,F)  3 

27  2(M,F)  2 

28 3(M,M,F) 2(M,F)  5 

29  2(M,F)  2 

30  4(M,M,F,F)  4 

31   2(M,M) 2 

32  2(F,F)  2 

Total 34(15M,19F) 71(36M,35F) 14(6M,8F) 119 

Regarding age groups, 34 participants were classified as children or adolescents (28.6%), 71 as 

adults (59.7%), and 14 as seniors (11.8%), allowing for a broad representation across different 

stages of life. The predominance of adults is related to the wider age range in this category and 

to the fact that adults are typically the primary contact and legal guardians responsible for 

providing consent. The inclusion of children, adolescents, and older adults supports microbiome 

analysis across life stages79.  

Participation was based on either biological or legal family ties, or on shared household residence, 

meaning that not all participants from the same family necessarily lived in the same household. 
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This inclusive approach allowed the recruitment of diverse family structures, including cohabiting 

relatives, non-cohabiting family members, and individuals connected through household 

dynamics. 

Based on family size, 17 families were composed of two to three members and were classified 

as small, 12 families had four to five members and were considered medium-sized, and only three 

families had more than five members, they were classified as large families. This variation in 

family size was relevant for microbiome research, as both familial relationships and cohabitation 

are known to influence microbial composition through genetic background, environment, shared 

meals, hygiene habits, and interpersonal contact80,81.  

Human genetics is known to influence the gut microbiome, and even in cases where family 

members do not reside together, shared genetic traits may still contribute to microbial 

similarities81. One example is the host genetic predisposition to diseases11.  

Larger families, particularly those with both cohabiting and non-cohabiting members, offer a 

unique opportunity to investigate the dynamics of microbial transmission82.  

This diversity in family contributed to a rich and diverse dataset for the study. However, it also 

presented logistical challenges for organizing sample collection, especially in cases where family 

members lived in different households. 

5. Characterization of the Study Population 

In addition to biological samples, participants were asked to complete a questionnaire at each 

sample collection. This provided contextual information on personal, health, and lifestyle factors 

that may influence microbiome composition.  

The questionnaire included questions about year and place of birth, gender, height, weight, 

residence, blood type, dietary habits, alcohol consumption, smoking status, consumption 

frequency of fruits, vegetables and dairy, medication use, health conditions, antibiotic and 

probiotic use, birth-related information, and bowel health indicators such as stool type, color, and 

evacuation frequency. The data collected enabled a comprehensive characterization of the study 

population and offered relevant context for interpreting microbiome results.  

Although the questionnaire also included questions about pregnancy, bowel movement type, and 

profession, these variables were not included in the tables. No participants were pregnant or 

became pregnant during the study period. Additionally, the average evacuation frequency over 

five days overlapped with data already shown in Table 3.4, making this variable redundant. 

Finally, information on professional occupations was too heterogeneous to be categorized or 

interpreted. Interestingly, 20 families had at least one participant working in a research institution, 

possibly reflecting how the project was disseminated within scientific networks. 

A summary of the main data regarding age, weight, height, and BMI is shown in Table 3.3. 
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Table 3.3. Participant demographics and anthropometric data. The numbers show the median values 
with interquartile ranges, sample size, and missing data per category. Age is expressed in years, weight in 
kilograms (kg), height in meters (m), and body mass index in kg/m². Groups are divided by age groups as 
described earlier. All data refer to responses in the first questionnaire, since some changes were observed 
over time.   

Variable Group Median (IQR) Sample Size (n) Missing Data (n) 

Age (years) 
   

 

Kids/Adolescents  12.50 (10.00-14.00) 34 -  

Adults   46.00 (35.00-52.00) 71 -  

Seniors  76.50 (67.75-82.00) 14 - 

Weight (kg) 
   

 

Kids/Adolescents  41.50 (31.05-52.25) 32 2  

Adults   73.00 (62.00-85.00) 71 -  

Seniors  67.00 (58.00-77.25) 14 - 

Height (m) 
   

 

Kids/Adolescents  1.48 (1.39-1.63) 32 2  

Adults   1.72 (1.63-1.76) 71 -  

Seniors  1.67 (1.57-1.76) 14 - 

Body Mass Index (kg/m2) 
  

 

Kids/Adolescents  18.43 (16.04-21.41) 32 2  

Adults   24.68 (22.06-28.08) 71 -  

Seniors  24.47 (23.27-27.52) 14 - 

Table 3.3 summarizes the study population across the three age groups: Kids/Adolescents, 

Adults, and Seniors. Median ages were consistent with these categories, with 12.50 years for kids 

and adolescents, 46.00 years for adults, and 76.50 years for seniors. As expected, 

anthropometric values varied across groups.  

Children and adolescents had the lowest median weight (41.50 kg) and height (1.48 m). Adults 

were generally heavier and taller, with a median weight of 73.00 kg and height of 1.72 m. Seniors 

showed a slight decrease in both weight (67.00 kg) and height (1.67 m), likely influenced by the 

higher proportion of female participants in this group.  

Body mass index (BMI) values were mostly within the normal (values between 18.5 and 24.9) or 

slightly elevated range. Adults and seniors had median BMIs of 24.68 and 24.47 kg/m2, 

respectively, indicating a generally normal population. Among children and adolescents, the 

slightly lower median BMI of 18.4 kg/m2 reflects their growth stage. Two missing entries for height 

and weight in the children's group limited BMI calculations for those participants, though this is 

unlikely to affect the overall trend.  

Table 3.4 provides additional details on participants’ residence, lifestyle habits, digestive health, 

and overall health status. 
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Table 3.4. Overview of the study participant background, lifestyle, and health-related characteristics. 
Data is presented as counts of participants and percentages for each category. Variables include gender, 
residence, country of birth, blood type, dietary habits, alcohol intake, smoking status, daily consumption of 
fruits, vegetables and dairy, antibiotic and probiotic use, presence of diseases and medication use, mode 
and place of birth, breastfeeding history, stool characteristics (bristol stool scale, color, and evacuation 
frequency), and menstruation regularity. All responses refer to the first questionnaire, except for antibiotic 
use a, which was updated after the first collection. 

Variable Category Number (n) Percentage (%) 

Gender 
 

 
  

Masculine 57 47.90%  

Feminine 62 52.10% 

Residence 
 

  

Oeiras 79 66.39%  

Lisbon 27 22.69%  

Cascais 11 9.24%  

Sintra 1 0.84%  

Seixal 1 0.84% 

Born in Portugal 
 

  

Yes 107 89.92%  

No 12 10.08% 

Blood Type 
 

  

A 48 40.34%  

B 2 1.68%  

AB 1 0.84%  

O 41 34.45%  

Did not know 27 22.69% 

Type of Diet  

Non-specific diet 105 88.24%  

Plant-based diet 9 7.56%  

Gluten-free diet 2 1.68%  

Intermittent fasting 1 0.84%  

Paleolithic diet 1 0.84%  

Plant-based and gluten-free diet 1 0.84% 

Alcohol Intake 
 

  

Never 34 28.57%  

No 15 12.61%  

Yes, sometimes 54 45.38%  

Yes, frequently 12 10.08%  

Did not answer 4 3.36% 

Smoke  

 

  

Never 80 67.23%  

No  31 26.05%  

Yes 8 6.72% 
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Portions of Fruits and Vegetables Per Day  

One 13 10.92%  

Two to three 80 67.23%  

Four or more 26 21.85% 

Portions of Dairy Per Day 
 

  

One 42 35.29%  

Two to three 67 56.30%  

Three to four 9 7.56%  

Five or more 1 0.84% 

Antibiotic Usea 
 

  

After the first collection 4 3.36% 

Probiotics Consume 
 

  

No 112 94.12%  

Yes 7 5.88% 

Diseases  

 

  

No 50 42.02%  

Yes 69 57.98% 

Medication Use 
 

  

No 47 39.50%  

Yes 71 59.66%  

Did not answer 1 0.84% 

Mode of Delivery 
 

  

Vaginally 89 74.79%  

C-section 30 25.21% 

Local of Birth 
 

  

Hospital 110 92.44%  

Home 8 6.72%  

Did not know 1 0.84% 

Breastfeeding 
 

  

No 8 6.72%  

Yes 104 87.39%  

Did not know 7 5.88% 

Bristol Stool Chart 
 

  

Type 1 3 2.52%  

Type 2 6 5.04%  

Type 3 45 37.82%  

Type 4 43 36.13%  

Type 5 10 8.40%  

Type 6 8 6.72%  

Did not answer 4 3.36% 

  
 

 



35 

Color  

Light brown 78 65.55%  

Brown 2 1.68%  

Dark 24 20.17%  

Green 1 0.84%  

Brown and green 1 0.84%  

Brown and red 1 0.84%  

Did not answer 12 10.08% 

Evacuation Frequency 
 

  

Less than one time per day 30 25.21%  

One time per day 60 50.42%  

More than one time per day 27 22.69%  

Did not answer 2 1.68% 

Regularity of Menstruation 
 

  

No 38 61.29%  

Yes 24 38.71% 

Table 3.4 presents a detailed overview of the study population's lifestyle and health status. All 

data refers to the first questionnaire since changes were observed over time, except for antibiotic 

use.  

The gender distribution was balanced, with 57 males (47.90%) and 62 females (52.10%). Most 

participants resided in Oeiras, reflecting the main recruitment area, and 89.92% were born in 

Portugal.  

Most participants reported not following a specific diet (88.24%), though small numbers followed 

plant-based, gluten-free, intermittent fasting, or other diets. 

Portugal traditionally follows the Mediterranean diet, rich in fruits, vegetables, legumes, olive oil, 

fish, dairy products, and small amounts of meat. A similar pattern is the Atlantic diet, which 

emphasizes seasonal, local foods but includes more tubers, cabbage, chestnuts, temperate fruits 

like apples and pears, and cereals such as rye and corn. The adherence to these traditional diets 

may influence the population’s gut microbiota and reduce disease risk83.  

Regarding blood type, most participants were type A (40.34%) or type O (34.45%), with smaller 

percentages of type B (1.68%) and AB (0.84%). These numbers align with known blood type 

distributions in Portugal, where type O and A are the most prevalent, followed by type B and AB84.  

Alcohol consumption was reported by 55.46% of participants, while only 6.72% reported smoking. 

Most participants had never smoked (67.23%).  

Fruit and vegetable intake was moderate to high, with 67.23% consuming two to three portions 

per day. Dairy consumption followed a similar pattern, with 56.30% consuming two to three 

portions daily. 
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In terms of health, 57.98% of participants reported at least one chronic condition, and 59.66% 

reported taking medication regularly. These conditions, such as diabetes, hypercholesterolemia, 

and hypertension, are common in the general population and were included in the study inclusion 

criteria. Other reported conditions included asthma, allergies, and neurological or psychological 

disorders such as anxiety, depression, and Attention-Deficit/Hyperactivity Disorder (ADHD). 

Antibiotic use after the first sample collection was low (3.36%), and probiotic use was also rare 

(5.88%). 

Concerning birth history, most participants were born in hospitals (92.44%) and delivered 

vaginally (74.79%). Breastfeeding was common, with 87.39% reporting having been breastfed. 

Stool-related data, including BSC, stool color, and evacuation frequency, indicated overall healthy 

bowel patterns. Most participants reported stool types 3 and 4 (37.82% and 36.13%, respectively), 

which are considered normal. The most frequent stool color was light brown (65.55%). Half of the 

participants reported a bowel movement once per day. These indicators are normal for the gut 

function in healthy individuals70. 

Among menstruating participants, 61.29% reported irregular cycles, possibly due to continuous 

use of birth control pills, menopause, or being premenarcheal. 

Together, these data provide a robust and detailed profile of the study population, supporting the 

interpretation of microbiome results despite some missing values. 

6. Sample Processing  

Sample collection was performed at the participants' homes, where each stool sample was 

divided into two tubes. A schematic representation of the sample processing steps is presented 

in Figure 3.1.  

 

Figure 3.1. Tubes used for sample collection and experimental workflow for analysing microbiota 
composition, bacterial isolation, and metabolite profiling from stool samples.  
Stool samples were collected in two types of tubes: one containing a DNA stabilizer for the microbiota 
composition analysis, and one without any liquid, used for both bacterial isolation and metabolites profiling.  
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One tube contained a DNA stabilizer, which was selected based on previous optimization by one 

of the GIMM CARE projects. This method was shown to be the most effective for DNA 

preservation and extraction in two months apart, particularly in individuals with intestinal diseases, 

ensuring high-quality data for microbiota composition analysis. 

The second tube did not contain any liquid, as it was used for two distinct purposes, with 

approximately 100 mg of sample in each eppendorf tube: (1) bacterial isolation, which required 

the addition of glycerol and cysteine to preserve viable bacteria, and (2) metabolomic profiling of 

the SCFAs, which requires the absence of solutions in the sample to avoid interference with 1H-

NMR spectroscopy analysis.  

7. DNA Sequencing 

The tube containing the DNA stabilizer was delivered to GIMM Care in Lisbon for subsequent 

DNA extraction. Samples were transported to the laboratory in five separate batches, with each 

stored in refrigeration for no longer than two months before delivery. Table 3.5 summarizes the 

delivery dates, number of samples, and the corresponding time points (TP1, TP2, TP3) included 

in each batch.  

Table 3.5. Delivery dates and number of fecal samples per batch, preserved in DNA stabilizer, and 
sent to GIMM Care (Lisbon) for DNA extraction. "TP" refers to the time point of sample collection (TP1, 
TP2, or TP3). The table details the number of samples from each time point per delivery, the delivery date, 
and the total number of samples in each batch. 

Batch Number Delivery Date Samples Included Total Samples 

1 17/09/2024 70 TP1 70 

2 10/10/2024 47 TP1 + 4 TP2 51 

3 21/11/2024 2 TP1 + 93 TP2 95 

4 17/01/2025 18 TP2 + 89 TP3 107 

5 26/02/2025 23 TP3 23 

As shown in the table, the first batch included only TP1 samples. Subsequent batches included 

an increasing number of TP2 and TP3 samples, reflecting the progressive nature of sample 

collection across participants. The largest batch was the fourth, which corresponds to the peak of 

collection activity during TP3. Since participants delivered samples at different times, some 

batches included a mix of time points. 

To ensure DNA stability, samples were refrigerated at 4ºC and processed within a maximum of 

two months after collection. This is essential to minimize microbial profile alterations due to 

prolonged storage time and ensure DNA stability for accurate downstream extraction and 

analysis85. Batch processing also allowed consistent sample handling and minimized technical 

variability, known as batch effects, which are known confounding factors in microbiome studies18. 

Despite the logistical challenges of longitudinal community studies, the protocols implemented 

helped ensure sample integrity and quality throughout the study.  

However, as expected in long-term studies, some participants dropped out. One family left the 

study after TP1, and three individuals from other families were unable to provide a third sample 

for personal reasons. Consequently, the total number of samples collected decreased slightly 
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over time: 119 samples were collected at TP1, 115 at TP2, and 112 at TP3, resulting in a dropout 

rate of 5.88%. 

After collection and DNA extraction, samples were stored at -20ºC. Samples from batches 1 to 3 

were sent to Novogene for sequencing. However, not all samples met the minimum DNA 

concentration threshold of 10 ng/µL and had to be excluded. In these three batches, seven DNA 

extractions were performed in total. 

A visual overview of the entire workflow, from sample collection to sequencing, is presented in 

Figure 3.2, highlighting the number of samples processed at each step and those excluded due 

to low DNA concentration.  

 

Figure 3.2. Workflow overview of sample collection, processing, and sequencing across the three 
time points of the study (TP1, TP2, and TP3), with emphasis on the first three batches sent to GIMM 
CARE for DNA extraction. Each time point was approximately two months apart. Samples with low DNA 
concentration (<10 ng/µL) were excluded from sequencing. A total of 76 participants had samples 
sequenced at both time points. 

From the 119 samples collected at TP1, 112 passed the quality check and were sequenced. At 

TP2, from the 115 samples collected, 97 were included in the sequencing batches, but only 80 

had sufficient DNA concentration. TP3 samples had 112 samples collected and processed, but 

these had not yet been sequenced by the time of this analysis. 

Notably, 76 participants had usable, sequenced samples for both TP1 and TP2, enabling 

longitudinal analysis. However, three individuals lacked sequenced samples at both TPs due to 

either quality control failure or insufficient fecal material collected into the DNA stabilizer tube. 

In total, 11% of sequenced samples were excluded due to low DNA concentration, which is a 

common limitation in microbiome studies involving self-collection. This finding emphasizes the 

importance of proper sample collection to avoid compromising the results20. 

B. Microbiota Composition Analysis 

1. In the Portuguese Community 

We began by analysing the median relative frequency of the gut microbiota composition at the 

phylum level using 112 samples from TP1 and 80 samples from TP2. Figure 3.3 shows the 

median relative abundance of the most prevalent phyla, along with the interquartile range (IQR). 
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Figure 3.3. Median gut microbiota composition at the phylum level in (A) time point 1 and (B) time 
point 2. Each sector represents the median relative abundance, with the interquartile range, calculated 
across 112 samples at time point 1 and 80 samples at time point 2. 

At TP1, the dominant phylum was Bacillota, with a median relative abundance of 58.85%, 

followed by Bacteroidota at 27.27%. Other phyla present at lower abundances included 

Actinomycetota (5.50%), Pseudomonadota (0.90%), and Verrucomicrobiota (0.08%). 

At TP2, the overall profile remained similar. Bacillota increased slightly to 62.24%, while 

Bacteroidota remained stable at 27.51%. Actinomycetota and Pseudomonadota showed slight 

decreases (4.70% and 0.67%, respectively), and Verrucomicrobiota slightly increased to 0.13%. 

The observed microbiota composition is consistent with what has been reported in healthy adults, 

where Bacillota and Bacteroidota typically dominate the gut community13,14. Although exact 

relative abundances may vary between studies due to population differences and methodological 

approaches. 

The presence of Actinomycetota, Pseudomonadota, and Verrucomicrobiota at very low levels 

aligns with previous findings that these phyla are less prevalent in the human gut microbiome86.  

Another notable phylum, Thermodesulfobacteriota, was formerly classified within the 

Deltaproteobacteria class of Proteobacteria. This phylum includes sulphate-reducing bacteria 

A) 
 
 
 
 
 
 
 
 
 

 
 

 

 

 

B) 
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such as Bilophila wadsworthia and Desulfovibrio piger, which are commonly found in low 

abundance in healthy individuals87,88. 

The presence of less common phyla in low or variable abundances is a typical finding in 

microbiome studies and reflects natural inter-individual variability14.  

2. Gut Microbiota Composition Dynamics Over Time 

i. Changes at the Phylum Level 

To understand how gut microbiota composition changes over time, we analysed the relative 

abundance of the bacterial phyla for each sample at both time points (TP1 and TP2). Results are 

shown in Figure 3.4. In panel A (TP1), samples are sorted in ascending order by the relative 

abundance of the phylum Bacillota, the most dominant phylum. The same sample order was kept 

in panel B (TP2) to allow easy intra-individual comparison. Gray lines indicate samples from 

individuals who had insufficient DNA concentration at one of the TPs or were not sequenced but 

were sequenced in the other. 
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B) 

 

Figure 3.4. Relative abundance of microbiota composition at the phylum level for each sample at (A) 
time point 1 and (B) time point 2. Samples in (A) are organized in ascending order based on the abundance 
of the Bacillota phylum, and the order in (B) follows the same code sequence as in (A). Gray lines represent 
missing samples due to insufficient DNA concentration or not sequenced at the respective time point.  
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Figure 3.4. shows considerable inter-individual variation in the relative abundance of the five main 

phyla. This variation is well-documented in other studies14. Also, variation between TP1 and TP2 

within the same individual, known as intra-individual variation over time, was also observed.  

Bacillota and Bacteroidota were detected in all individuals at consistently high levels, confirming 

their dominant role in the gut microbiome30.  

In contrast, Actinomycetota, Pseudomonadota, and Verrucomicrobiota were present in lower 

amounts, and data visualization indicates greater variability across and within individuals.  

Actinomycetota was detected in all individuals, indicating a stable prevalence, although 

fluctuations reflect the normal microbial dynamics or host-related factors89.  

Pseudomonadota showed unusually high levels in a few samples. Such increases have been 

associated with dysbiosis and an imbalanced microbiome, suggesting it may serve as a potential 

marker of disease risk90. Additionally, this phylum’s overrepresentation might be linked to high-fat 

diets91. 

Verrucomicrobiota is mainly represented by Akkermansia muciniphila in the human gut. This 

bacterium is frequently associated with metabolic health and is being investigated as a potential 

probiotic, although further studies are needed to confirm its efficacy92. Since this bacterium is 

found in higher abundances in the mucus layer93, variations in mucus content in stool samples 

could influence the detected levels of this phylum. 

Other phyla, such as Cyanobacteriota, Fusobacteriota, and Synergiatota, were detected in low 

abundances and not consistently across individuals, which may result in very low or even 

undetectable median values. 

Interestingly, Campylobacteriota (formerly Epsilonproteobacteria) was found only at TP2 in two 

individuals from different families. This suggests it may represent transient or opportunistic 

colonization94. 

To better visualize temporal variation in each of the five dominant phyla, we analysed their relative 

abundances at two TPs. This comparison enabled the assessment of community variability and 

highlighted phylum shifts over time (Figure 3.5). 
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Figure 3.5. Violin plots representing the distribution of relative abundance for the five major bacterial 
phyla at two time points. Each panel shows the relative abundance for (A) Bacillota, (B) Bacteroidota, (C) 
Actinomycetota, (D) Pseudomonadota, and (E) Verrucomicrobiota. Black dots represent individual samples, 
with 112 samples at time point 1 (left) and 80 at time point 2 (right). For the comparison between time points, 
a Wilcoxon signed rank test for the 76 individuals at both time points revealed p-values of: Bacillota 0.20, 
Bacteroidota 0.54, Actinomycetota 0.05, Pseudomonadota 0.08, and Verrucomicrobiota 0.73. A 
Kolmogorov-Smirnov test comparing overall distributions between time points resulted in the following p-
values: Bacillota 0.14, Bacteroidota 0.99, Actinomycetota 0.64, Pseudomonadota 0.12, and 
Verrucomicrobiota 0.53. 

Bacillota remained the most abundant phylum at both TPs. At TP1, its mean relative abundance 

was 55.73% ± 15.57%, ranging from 13.91% to 81.81%, increasing slightly to 59.10% ± 14.28% 

at TP2 and ranging from 14.50% to 84.91%. A visual inspection shows greater spread and 

dispersion at TP1, and at TP2, a more concentrated distribution around the 65% in relative 

abundance.  

Bacteroidota was the second most abundant phylum, with a mean of 31.56% ± 15.59% at TP1, 

and a range from 6.28% to 79.04%. At TP2, the mean was 30.93% ± 14.69% and ranged between 

8.37% to 75.30%. The distributions at both TPs were very similar, with no indication of significant 

shifts. 

D) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
E) 
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Actinomycetota had a mean relative abundance of 8.17% ± 7.72% at TP1, ranging from 0.12% 

to 37.49% and slightly decreased to 7.05% ± 6.95% at TP2, and a similar range of 0.06% to 

37.52%. Although violin plots suggest slightly greater dispersion at TP1, overall distributions 

remained similar. A few individuals had higher abundances at TP1, whereas at TP2, only one 

exceeded 28% in relative abundance.  

Pseudomonadota and Verrucomicrobiota were generally present at low relative abundances 

across the cohort.  Pseudomonadota had a mean of 3.12% ± 6.88% at TP1, with five individuals 

exceeding 20%. At TP2, the mean decreased to 1.96% ± 3.45%, with a maximum of 18.67%. 

Although the average decreased, the distribution shape remained consistent between TPs. Figure 

3.5. D) also shows individuals with higher relative abundances at TP1, which decreased to 

approximately half at TP2. Finally, Verrucomicrobiota showed low overall abundance, averaging 

1.16% ± 3.24% at TP1, with a maximum of 21.60% and 0.76% ± 1.93% at TP2, with a maximum 

of 15.71%. At TP1, three individuals exhibited high values, while only one individual remained 

with high abundance at TP2. 

To further investigate temporal variability, statistical analyses were performed to detect significant 

shifts in overall microbiota composition between TPs. A Kolmogorov-Smirnov test compared the 

distributions of relative abundances across 112 samples from TP1 and 80 samples from TP2 to 

identify population-level shifts. Additionally, a Wilcoxon signed-rank test was conducted on 76 

individuals with samples at both TPs to assess intra-individual changes over time, providing 

insight into microbiota stability within subjects. No statistically significant differences in relative 

abundances were detected between TPs for any phylum. 

To further assess temporal variability, the variance in relative abundances for each phylum was 

calculated, and the results are presented in Table 3.6. 

Table 3.6. Variance of the relative abundance of five major bacterial phyla at time points 1 and 2. This 
table presents the variance for Bacillota, Bacteroidota, Actinomycetota, Pseudomonadota, and 
Verrucomicrobiota. A total of 112 samples were analysed at time point 1 and 80 samples at time point 2. 
The Fligner-Killeen test was used to assess differences in the variances between time points.  

Phylum Variance TP1 Variance TP2 Fligner-Killeen test (p-value) 

Bacillota 242.57 203.99 0.26 

Bacteroidota 243.08 215.81 0.81 

Actinomycetota 59.56 48.37 0.43 

Pseudomonadota 47.39 11.91 0.32 

Verrucomicrobiota 10.47 3.73 0.11 

Table 3.6 summarizes the variance in relative abundance across five microbial phyla at two TPs. 

The Fligner-Killeen test was used to assess differences in the variances between TPs. No 

statistically significant differences in variance were observed, supporting the results of 

compositional stability at the phylum level. 

Despite some minor variations, the overall gut microbial composition remained stable over the 

study period at the phylum level. No significant differences were found in the relative abundance 

distributions of the five major phyla between TPs, nor were there significant intra-individual 

changes or differences in variance detected. Although small changes across individuals may 
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reflect natural temporal dynamics or external influences such as diet variation, without no major 

shifts at the phylum level in the studied community.  

It is also important to note that these results are based on relative abundances, not absolute 

bacterial counts. Small shifts in relative abundance do not necessarily indicate real changes in 

total bacterial load, as they may simply reflect changes in the proportion of other taxes95.  

ii. Bacillota to Bacteroidota Ratio Analysis 

The ratio between Bacillota and Bacteroidota (often called the Firmicutes/Bacteroidetes) is one 

of the most used measures in microbiome research to explore gut microbial balance. While it is 

commonly studied in the context of metabolic diseases, such as obesity96, it can also provide 

important insights into the general structure and natural variation of gut bacteria in the community. 

In our study, since all participants were free from intestinal disease, we looked at this ratio to 

explore how stable it remains over time and whether intra-individual or age-related differences 

exist. 

To do this, we calculated the Bacillota/Bacteroidota ratio for each participant at both TPs to 

explore how stable this ratio is over time, and how much it varies between individuals. These 

results can provide information about the natural fluctuation of this ratio and may serve as a 

reference for future longitudinal studies investigating gut imbalances or diseases. Individual 

results are shown in Figure 3.6. 

 

A) 
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Figure 3.6. Bacillota to Bacteroidota ratio for each individual at (A) time point 1 and (B) time point 2. 
In panel (A), samples are ordered by an increasing ratio to illustrate their distribution at time point 1. In panel 
(B), samples are aligned according to individual codes to preserve correspondence with panel (A). Gray 
lines represent missing samples due to insufficient DNA concentration or not sequenced at the respective 
time point. 

At TP1, three individuals showed high values above 6, showing a greater dominance of Bacillota 

in those cases. The median Bacillota/Bacteroidota ratio at TP1 was 2.20 (IQR: 1.24-3.07), 

reflecting a general predominance of Bacillota over Bacteroidota in most participants.  

At TP2, although individual values changed, some increased and others decreased, the median 

and interquartile range remained similar, 2.24 (IQR: 1.36-3.24), suggesting no major shift 

between TPs.  

To evaluate these changes statistically, we used a Kolmogorov–Smirnov test to compare 

variations in the distribution between TP1 (n = 112) and TP2 (n = 80). The results showed no 

significant difference (p-value = 1.00). To understand if this ratio changed significantly within 

individuals over time, we performed a Wilcoxon signed-rank test for the 76 individuals with 

samples at both TPs. The test also revealed no significant differences (p = 0.77). 

These results suggest that the balance between these two dominant phyla remained relatively 

stable throughout the study period, supporting the concept of gut microbiota resilience and 

stability at the individual level89. However, it is important to consider that individual-level changes 

still occur, reflecting the dynamic and personalized nature of these microbial ecosystems14.  

Previous research has shown that the Bacillota/Bacteroidota ratio may vary with age. Namely, 

some studies observed an increase in the ratio among adults97, while others noted an increase 

from children to seniors98.  

B) 
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To explore this in our cohort, participants were divided into the three previously defined age 

groups. Figure 3.7 presents the Bacillota/Bacteroidota ratio across these age groups at TP1. 

 

Figure 3.7. Boxplots of the Bacillota/Bacteroidota ratio at time point 1, stratified by age group. 
The data represents 112 individuals sampled at time point 1. Each boxplot illustrates the distribution of 
Bacillota/Bacteroidota ratios within each age group, with each dot corresponding to an individual. A Kruskal-
Wallis test was performed to compare the groups (p-value = 0.36). 

The Bacillota/Bacteroidota ratio at TP1 was approximately similar across age groups. Median 

values were 2.10 for kids and adolescents, 2.30 for adults, and 2.01 for seniors. A Kruskal-Wallis 

test was used to assess differences between groups (p-value = 0.36), showing that, in our study, 

age did not influence the Bacillota/Bacteroidota ratio at TP1. 

Interestingly, the three individuals with the highest ratios belonged to the adult group. These 

higher ratios have sometimes been linked to greater energy extraction from the diet and a higher 

risk of obesity and weight gain99, and obese individuals show higher levels of Bacillota100.  

Given previous studies linking the Bacillota/Bacteroidota ratio to obesity, we also examined 

whether changes in this ratio were associated with changes in BMI, an index associated with 

obesity. We compared the Bacillota/Bacteroidota ratio with BMI at TP1 (n = 112) and assessed 

whether changes in the ratio between T1 and T2 were associated with changes in BMI among 

participants with data at both TPs (n = 76). Results are shown in Figure 3.8. 
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Figure 3.8. Scatter plot of the relationship between changes in the Bacillota/Bacteroidota ratio and 
body mass index (BMI) from time point 1 (A) and between time points (B). Each point represents one 
individual, with n = 112 for TP1 and n = 76 for between time points. The line indicates the tendency of the 
dots. In B, the color indicates the BMI change category: decrease (red), no change (green), and increase 
(blue). A Spearman correlation test was performed (p-value = 0.38 and 0.17, respectively). 

Figure 3.8 shows some dispersion in the data, with no visible relation between BMI and ratio. In 

A, the tendency line seems to be negatively correlating BMI with the ratio, and in B, individuals 

with increased, decreased, or unchanged BMI all showed a wide range of Bacillota/Bacteroidota 

ratio changes, and no clear trend was observed, the tendency line is almost flat. To test for an 

association between changes in the Bacillota/Bacteroidota ratio and BMI, we used a Spearman 

correlation test, which indicated no statistically significant relationship between the two variables. 

Although some studies hypothesized that an increase in the Bacillota/Bacteroidota ratio may 

accompany weight gain101, our data suggest that, at least over the study period and within this 

cohort, changes in this ratio do not directly correlate with BMI changes. This may be because 

most participants had a normal or healthy BMI and were not obese. It also highlights the 

A) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
B) 
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complexity of microbiota-host interactions, where factors such as metabolic health, diet quality, 

or genetics may play a larger role than BMI alone. 

In summary, the Bacillota/Bacteroidota ratio remained stable over time in each person and did 

not show significant differences between age groups or with changes in BMI. These results 

suggest that this ratio is a relatively stable characteristic of the gut microbiota and may not 

respond quickly to short-term changes in body weight or age. 

3. Western VS Non-Western Microbiota Composition  

Studies have reported that certain bacterial genera are more prevalent in Western versus non-

Western populations, with Bacteroides typically dominating in Western and Prevotella in non-

Western populations. These findings are thought to be related to the dietary habits and lifestyle 

differences between industrialized and non-industrialized countries102. Prevotella is associated 

with high fiber intake and lower meat consumption, whereas Bacteroides is linked to low-fiber 

diets rich in fat, refined sugars, and red meat62. To explore this pattern in our cohort, we examined 

the relative abundance of these two genera at TP1. Figure 3.9 shows the results. 

 

Figure 3.9. Relative abundances of Bacteroides and Prevotella genera at time point 1. 
Each point represents an individual participant (n = 112). The abundance of Bacteroides is shown in blue 
and Prevotella in gray.  

Figure 3.9 shows a higher relative abundance of Bacteroides and minimal presence of Prevotella 

among the individuals analysed. Only one participant exhibited detectable levels of Prevotella, 

and even then, at low abundance.  

These results suggest that the gut microbiota of this Portuguese cohort aligns with a Western 

microbial profile, supporting the idea that this population follows dietary habits and lifestyle 

patterns common to industrialized countries. 

 



52 

4. Microbial Diversity Analysis 

Following the microbiota composition analysis at the phylum level, we next explored how the gut 

microbiota varied in terms of diversity. Understanding microbial diversity is essential in 

microbiome research, as it helps us learn how many different types of microbes are present 

(richness) and how distributed and balanced the community is (evenness). In this section, we 

looked at two types of diversity, alpha diversity, which assesses the microbial diversity within a 

single sample, and beta diversity, which looks at the differences between samples. With this, we 

can better understand the microbial community structure and its variations over time. 

i. Alpha Diversity 

Alpha Diversity Over Time  

To evaluate the microbial diversity within individual samples, known as alpha diversity, we 

compared several metrics between TP1 and TP2, including Observed richness, Chao1, Shannon, 

and Simpson indices. The results are shown in Figure 3.10. 

This analysis provides insight into how the complexity and composition of each individual’s gut 

microbiota changes over time. 

 

Figure 3.10. Alpha diversity metrics of the gut microbiota at time points 1 and 2. 
Alpha diversity was assessed using four indices: Observed richness, Chao1, Shannon, and Simpson. Data 
from individuals present at both time points (n = 76) are shown, with red representing time point 1 (TP1) and 
blue representing time point 2 (TP2). Paired comparisons were performed using the Wilcoxon signed-rank 
test. The resulting p-values were: Observed richness = 4.22 × 10-7, Chao1 = 4.22 × 10-7, Shannon = 4.10 × 
10-4, Simpson = 5.93 × 10-3. 

Figure 3.10 shows an increase in median alpha diversity from TP1 to TP2 across all metrics. The 

Wilcoxon signed-rank test confirmed that these increases were statistically significant. This 

suggests that the gut microbiota became more diverse over time within this population. 

Since the participants reported no major changes in antibiotic use or intrinsic health factors during 

the study period, these diversity changes are likely explained by external influences such as diet, 

stress, medication, or other environmental factors.  
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Diet can rapidly and reproducibly alter the gut microbiota within just one day, especially with shifts 

between plant-based and animal-based diets3. In our study, the two sample collections were two 

months apart, so dietary influence could have contributed to the observed variation in microbial 

diversity. However, based on dietary data collected, the reported intake of fruits and vegetables 

showed no major changes between TP1 and TP2. At TP1, 10 participants consumed 1 portion 

daily, 51 consumed 2 to 3 portions, and 14 consumed 4 or more portions. At TP2, these numbers 

were 14 for 1 portion, 6 for 1 to 2 portions, 43 for 2 to 3 portions, and 13 for 4 or more portions. 

This suggests that fruit and vegetable intake alone is unlikely to explain the observed increase in 

microbial diversity.   

Although fruit and vegetable intake remained relatively stable, small or unreported dietary 

changes, such as seasonal changes in food, can influence the gut microbiota composition103. 

Since sample collection occurred in summer and autumn, this seasonal variation in the availability 

of fruits and vegetables could explain the observed changes, also shown in other studies104. 

This seasonal variation in alpha diversity may also be influenced by fluctuations in insulin 

sensitivity across the year. During late summer, people often become less sensitive to insulin, 

possibly due to hotter weather, which can affect sleep and reduce physical activity. These 

changes in lifestyle and metabolism can influence the gut microbiome105. 

Another possible explanation is a change in participant behavior and awareness. Being part of a 

longitudinal citizen science study may have influenced participants’ attitudes toward diet and 

lifestyle, potentially leading to subtle but meaningful changes in dietary fat intake or other lifestyle 

factors not explicitly captured by our questionnaires. A recent study found that increased 

awareness of the microbiome’s role in health can influence dietary and lifestyle choices106. Such 

behavioral changes could help explain the observed increase in microbial diversity over time. 

Alpha Diversity Across Families 

Families have a unique microbial ecosystem, as they share a related genetic background, 

common dietary patterns, and household environments, creating a distinct microbiome profile. 

Several studies have identified higher microbiome similarity among family members compared to 

unrelated individuals, with the household environment emerging as one of the strongest 

predictors of gut microbial composition52,82. These observations suggest that families develop 

their microbiome through years of shared microbial exposures, cohabitation, and similar lifestyle 

factors. 

To investigate how microbial diversity varies across different families, we analysed alpha diversity 

metrics in families with five or more individuals at TP1. This threshold was chosen because 

statistical analyses below five may yield unreliable results. These criteria resulted in three families 

with five members, two with eight, and one with eleven members. However, in the two families 

with eight members, one participant did not have the necessary DNA amount for analysis, so the 

final dataset included 40 individuals across six families. The findings are presented in Figure 3.11. 
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Figure 3.11. Alpha diversity metrics of the gut microbiota in families with five or more members at 
time point 1. Each boxplot represents the distribution of alpha diversity values within a family (n = 40 
individuals present in the six families). The x-axis shows family numbers as defined in Table 3.2. Four 
diversity indices were assessed: Observed Richness, Chao1, Shannon, and Simpson. Differences across 
families were evaluated using the Kruskal–Wallis test, with the following p-values: Observed Richness = 
3.41 × 10-2, Chao1 = 3.41 × 10-2, Shannon = 7.16 × 10-4, Simpson = 1.89 × 10-3. 

Figure 3.11 shows that some families had higher or lower alpha diversity values, and some 

exhibited greater variability in microbial diversity among their members. These differences may 

be influenced by different dietary habits, environmental exposures, such as the workplace, 

genetic factors in related individuals, cohabitation, or medication use.  

To further explore this variation, a Kruskal-Wallis test was conducted to determine whether there 

were statistically significant differences in alpha diversity between these families. The analysis 

revealed significant differences in family diversity, indicating that gut microbiota composition 

significantly varies across families. This suggests that some families harbor a more diverse 

bacterial community, while others present lower diversity. These findings reinforce the idea that 

the household environment and shared lifestyle are important contributors to individual 

microbiome profiles. 

Alpha Diversity Across Age Groups 

Age has also been reported as one factor that influences the microbiome composition, with an 

increase until a stable adult microbiome composition is reached around the age of three3, followed 

by a gradual decline in diversity and richness in older adults45.  

To assess this, we compared alpha diversity metrics across age groups for the 112 individuals 

present in the TP1. The results are presented in Figure 3.12. 
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Figure 3.12. Alpha diversity metrics of the gut microbiota across age groups at time point 1.  
Each boxplot represents the distribution of alpha diversity values within each age group (n = 112 individuals 
present at time point 1). Four diversity indices were assessed: Observed richness, Chao1, Shannon, and 
Simpson. Differences across age groups were evaluated using the Kruskal-Wallis test, with the following p-
values: Observed richness = 4.90 × 10-2, Chao1 = 4.90 × 10-2, Shannon = 8.20 × 10-1, Simpson = 7.27 × 10-

1. 

Figure 3.12 illustrates an unexpected increase in microbial diversity within the senior group, 

measured by the Observed richness and Chao1 index. To confirm this statistically, a Kruskal-

Wallis test was conducted, revealing statistically significant differences across age groups, 

probably driven by the higher richness observed in the senior group. This suggests that older 

individuals may have a more diverse microbiome based on the number of unique sequence 

variants detected. 

However, the Shannon and Simpson indices did not show significant differences between age 

groups. These indices also consider how evenly the microbes are distributed, and not just how 

many ASVs are present. This suggests that while seniors may host more bacterial types 

(richness), the balance or dominance among those bacteria (evenness) might be similar across 

age groups. 

Interestingly, the older population in our study appears to have a more favorable microbial 

composition, similar to what has been observed in centenarians, who are known to exhibit higher 

alpha diversity107,108. However, it is important to note that the observed increase in diversity may 

be influenced by the smaller sample size of this group, which may not fully represent the whole 

population. Therefore, these findings should be interpreted with caution and highlight the need 

for further investigation in larger and more representative cohorts. 

Other Variables in Alpha Diversity Analysis 

To explore additional factors potentially influencing gut microbial diversity within individuals, we 

examined several variables selected from the participant questionnaires, based on associations 

previously reported in the literature. 
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Physiological and hormonal factors, including sex and menstrual cycle regularity, were analysed 

due to evidence that sex hormones can modulate microbial composition109,110. Anthropometric 

data, such as BMI, were also considered, as higher body weight has been associated with 

reduced gut diversity79. Blood type was evaluated based on findings that secreted blood group 

antigens may influence microbial composition111. 

Lifestyle and dietary factors, including fiber intake, alcohol consumption, smoking, and dairy 

consumption, were assessed due to their known links to microbiota structure25,112,113. Medication 

use and chronic treatments were also included because of their potential impact on microbial 

diversity1. 

Finally, bowel function and early-life exposures, such as the delivery mode and breastfeeding, 

were evaluated, as both stool consistency and developmental factors have been shown to shape 

the gut microbiome8,114. 

For all these variables, appropriate non-parametric tests (Wilcoxon rank-sum or Kruskal-Wallis) 

were used to assess associations with alpha diversity metrics (Observed species, Chao1, 

Shannon, and Simpson). No statistically significant associations were found for any of the tested 

variables. 

These non-significant findings may reflect limited statistical power, especially in groups with small 

sample sizes, such as specific blood types or smoking status. Additionally, certain variables, such 

as dietary intake, were collected in broad categories without detailed food-type differentiation, 

which may have reduced sensitivity to detect microbiota-related effects. Overall, these findings 

emphasize the complexity of the gut microbiota ecology and highlight the need for larger, more 

detailed studies to clarify the role of individual factors. 

ii. Beta Diversity 

Beta Diversity Over Time  

To further explore the variation in microbial communities between individuals over time, we 

calculate the beta diversity, which provides information about how similar or different these 

communities are between the two TPs. We used several distance metrics, including Bray-Curtis, 

Jaccard, Weighted Unifrac, and Unweighted Unifrac. The results are shown in Figure 3.13. 
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Figure 3.13. Beta diversity metrics of the gut microbiota at time points 1 and 2.  
Principal Coordinates Analysis plots based on four beta diversity metrics: Bray-Curtis, Jaccard, Weighted 
UniFrac, and Unweighted UniFrac. Each dot represents an individual (n = 76 individuals present at both time 
points), with red indicating time point 1 (TP1) and blue indicating time point 2 (TP2). Ellipses were added to 
highlight clustering patterns and potential differences in microbiota composition between time points. 

The principal coordinates analysis (PCoA) plots in Figure 3.13 show substantial overlap between 

TP1 and TP2, with no clear separation of the samples across all metrics. This suggests that the 

overall gut microbiota composition remained relatively stable over the two-month period. This 

finding contrasts with the significant increase observed in alpha diversity, suggesting that while 

individual microbial richness and evenness increased, the overall community composition 

remained stable. 

These results support existing literature showing that the gut microbiota is generally resilient and 

with limited changes in the short term under normal conditions89. The absence of major external 

factors, as in experimental studies, has likely contributed to this compositional stability.  

Beta Diversity Across Families 

We next investigate how microbiota composition varied across the 32 different families at TP1, 

considering that family members often share diets, environments, genetics, and lifestyles, which 

can influence microbial transmission and similarity82. The results are presented in Figure 3.14. 
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Figure 3.14. Beta diversity metrics of the gut microbiota across 32 families at time point 1.  
Principal Coordinates Analysis plots based on four beta diversity metrics: Bray-Curtis, Jaccard, Weighted 
UniFrac, and Unweighted UniFrac. Each dot represents an individual (n = 112 individuals present at time 
point 1), and colors indicate family membership. The plots illustrate patterns of microbiota composition 
across different families at the same time point. 

Figure 3.14 shows no distinct clustering by family, indicating that family membership did not 

significantly influence the overall gut microbiota composition in this cohort.  

Despite known intra-family microbial similarities reported in the literature52, our results show no 

strong clustering by family across any of the distance measures. This suggests that while families 

may differ in microbial diversity levels, the overall microbial composition and structure do not 

group by family in our cohort. Additionally, although families share environments, individual 

behaviors, diets, and exposures can still differ substantially, leading to a similar global structure 

of the microbiota composition. This lack of correlation may also be influenced by logistical factors 

such as the different days of sample collection and delivery, which could introduce variability 

unrelated to family membership. 

Beta Diversity Across Age Groups 

To assess whether age influenced the overall structure of the gut microbiota, we compared beta 

diversity across age groups at TP1. Age-related microbiome shifts have been reported, 

particularly during early development and in the elderly. Results are present in Figure 3.15. 
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Figure 3.15. Beta diversity metrics of the gut microbiota across age groups at time point 1.  
Principal Coordinates Analysis plots based on four beta diversity metrics: Bray-Curtis, Jaccard, Weighted 
UniFrac, and Unweighted UniFrac. Each dot represents an individual (n = 112 individuals present at time 
point 1), colored according to age group. Ellipses were added to highlight clustering patterns and potential 
differences in microbiota composition between age groups. 

Similarly, no clear clustering or separation of samples by age group was observed in any of the 

four beta diversity PCoAs, as shown in Figure 3.15. This suggests that age was not a major driver 

of microbial community differences in this cohort, using this analysis. 

Since differences were observed in older individuals with higher diversity, which may indicate a 

greater number of microbial ASVs (increased richness), the overall community structure, the 

types, and relative abundances of taxa did not differ from those of other individuals. Another 

possibility is that the older group in this study was small, limiting our ability to detect differences 

in the microbial community. 

Together, these beta diversity analyses show that the overall structure of the gut microbiota 

remained relatively stable over time and was not significantly affected by family membership or 

age group in this cohort.  

After exploring time, family, and age, we also analysed other variables from the questionnaire, 

such as diet, BMI, gender, stool consistency, medication use, and early-life factors, but none of 

them showed significant associations with beta diversity metrics in our cohort.  

It is possible to observe two clusters in the beta diversity analyses, except for the Unweighted 

UniFrac metric. However, we were unable to identify, based on these variables, any factors that 

could explain the presence of these two clusters. This highlights the complexity of factors 

influencing the gut microbiota and suggests that larger studies might be needed to detect subtle 

effects.  



60 

This lack of association may be due to the cohort’s relatively similar lifestyles or limited sample 

sizes in some categories. Still, the findings support the idea that the gut microbiota is quite stable 

and does not change much in the short term unless disrupted by stronger influences such as 

antibiotics, disease, or major lifestyle changes89. 

Intra and Inter Individual Microbiota Variability 

To evaluate the stability of the gut microbiota over time within individuals, we compared intra-

individual variability, differences between samples from the same individual at TP1 and TP2, with 

inter-individual variability, differences between samples from different individuals at the same TP. 

Beta diversity distances were calculated using four commonly used metrics: Bray-Curtis, Jaccard, 

Weighted UniFrac, and Unweighted UniFrac, based on the 76 participants who had samples at 

both TPs. 

 

Figure 3.16. Comparison of intra-individual and inter-individual variability in gut microbiota 
composition. Boxplots represent beta diversity distances calculated using four metrics: Bray-Curtis, 
Jaccard, Unweighted UniFrac, and Weighted UniFrac, and violin plots the distribution of the data. Blue bars 
correspond to intra-individual temporal variability (paired samples from the same individuals across two time 
points; n = 76 pairs), while red bars represent inter-individual variability in the same time point (comparisons 
between different individuals, for time point 1 and time point 2). Statistical differences were assessed using 
the Wilcoxon rank-sum test, with the following p-values: Bray-Curtis = 2.20 × 10-16, Jaccard = 4.90 × 10-2, 
Unweighted UniFrac = 8.20 × 10-1, Weighted UniFrac = 7.27 × 10-1. 

Figure 3.16 illustrates that temporal intra-individual variability is significantly lower than inter-

individual variability. This difference was confirmed statistically using the Wilcoxon rank-sum test, 

indicating that the gut microbiota composition remains more consistent within individuals than 

between different individuals over the study period. These findings are consistent with previous 

studies that have also demonstrated the individuality of the gut microbiota115. 

Overall, this analysis reinforces the concept of a personalized and stable gut microbiota. Each 

individual’s microbial community appears to follow its own unique trajectory over time, with more 

similarity to its own previous state than to that of others in the population, likely due to 

environmental factors such as diet, chemical exposure, and biological influences105.  
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C. SCFA Production by Gut Microbes 

To further explore the functions of the gut microbiota, we focused on the production of SCFAs, 

namely acetate, propionate, and butyrate. Based on our inclusion criteria, 20 individuals from 

different families were selected for this part of the study. This allowed us to investigate SCFAs 

production, its variation over time, and possible associations with the gut microbial community. 

One Eppendorf tube from the collection tube without buffer was used for metabolite quantification 

by ¹H-NMR. 

Participants were selected to include an equal number of males and females, to avoid gender 

related differences in SCFA levels. Previous studies have reported that older males tend to have 

higher levels of butyrate and propionate, probably due to differences in nutrient intake. Age was 

also considered, and all participants were adults of a similar age, with a median age of 49 years. 

SCFA concentrations have been reported to vary with age, being higher in adults between 18 and 

64 years and lower after 65 years116.  

1. Optimizing Sample Weight for NMR Quantification 

The NMR protocol used in this study was originally developed for mouse fecal pellets. Therefore, 

before applying it to human samples, we tested different sample weights to determine the best 

amount for accurate SCFA measurement. We tested 20 mg, 100 mg, and 200 mg of fecal 

material, and the results are shown in Figure 3.17. 

 

A) 
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Figure 3.17. Short-chain fatty acid concentrations (acetate, propionate, and butyrate) were measured 
from samples with different weights of fecal material: 20 mg vs 100 mg (A) and 100 mg vs 200 mg 
(B). Each dot with the same color represents a sample from the same individual. Red bars correspond to 
the 20 mg, blue bars represent 100 mg, and green bars represent 200 mg. A Wilcoxon signed-rank test was 
applied to evaluate differences between weights. In A, the p-values were: Acetate = 1.00, Butyrate = 0.31, 
Propionate = 0.31, and in B: Acetate = 0.38, Butyrate = 0.38, Propionate = 0.63. 

Figure 3.17.A) shows that acetate concentrations were similar between 20 mg and 100 mg. 

However, butyrate and propionate concentrations were lower in the 20 mg samples, probably 

because the amount of material was too small for accurate quantification. In B, the concentrations 

remained similar between 100 mg and 200 mg, suggesting that 100 mg is enough for reliable 

results. A Wilcoxon signed-rank test was performed to assess differences between weights in the 

concentrations of SCFAs, and no significant differences were found.  

The higher variation observed in butyrate levels may be due to its chemical structure (a three-

carbon chain), which results in three distinct peaks in the 1H-NMR spectrum, making its 

measurement slightly more variable than acetate or propionate. 

Although no statistically significant differences were found between the sample weights, we chose 

to use approximately 100 mg per sample.  This decision was based on the lower signal intensity 

and increased baseline noise observed in the spectra from 20 mg samples, particularly for 

propionate and butyrate. Samples with weights slightly above 100 mg were accepted, since no 

impact on the SCFAs quantification was observed. 

This optimization step contributed to improved reproducibility and accuracy in the quantification 

of metabolites present in one sample, making comparisons between samples more reliable. 

2. Stability of SCFAs at 4 °C 

To assess whether SCFA concentrations remain stable at refrigeration temperature, we evaluated 

their levels after storage at 4 °C for 24 hours. This consideration was based on previous reports 

indicating that bacterial metabolism can continue at low temperatures117. 

B) 
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SCFA concentrations were measured at two TPs, immediately after processing (time 0) and after 

24 hours of refrigeration, using ¹H-NMR spectroscopy, the results are presented in Figure 3.18. 

 

Figure 3.18. Short-chain fatty acid concentrations (acetate, propionate, and butyrate) were measured 
at time 0 and after 24 hours at 4 °C. Each dot with the same color represents a sample from the same 
individual. Red bars correspond to time 0, and blue bars represent 24 hours of storage. Statistical differences 
were assessed using the Wilcoxon signed-rank test, with the following p-values: Acetate = 0.38, Butyrate = 
0.13, Propionate = 0.25. 

Figure 3.18 shows no major differences in the concentrations of acetate, propionate, and butyrate 

after 24 hours of refrigeration. The median concentrations at time 0 were 47.26 µmol/g (IQR: 

40.17 – 56.96) for acetate, 9.20 µmol/g (IQR: 4.44 – 15.10) for butyrate, and 10.94 µmol/g (IQR: 

9.11 – 15.92) for propionate. After 24 h, the median concentrations were 37.70 µmol/g (IQR: 32.37 

– 49.48) for acetate, 6.23 µmol/g (IQR: 3.33 – 10.37) for butyrate, and 8.32 µmol/g (IQR: 7.68 – 

12.10) for propionate.  

To assess whether these changes were statistically significant, a Wilcoxon signed-rank test was 

performed, revealing no significant differences in SCFA levels between the two TPs. Although a 

slight decrease was noted, particularly for butyrate and propionate, this change was not 

statistically significant. 

Initially, it was hypothesized that SCFA concentrations might increase during refrigeration due to 

ongoing microbial fermentation. However, the observed decrease suggests that SCFAs may have 

been consumed by microbes or that some bacteria died due to oxygen exposure. 

These results indicate that storing fecal samples at 4 °C for up to 24 hours does not significantly 

alter SCFA levels, although a decreasing trend is observed. This finding is important as it supports 

the use of refrigerated storage before analysis without compromising results, providing flexibility 

in sample handling. Nonetheless, minimizing the time between collection and processing remains 

preferable to ensure optimal data quality. 
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3. Dynamics of SCFA Concentrations Over Time 

To understand how SCFA concentrations change over time within individuals, we analysed fecal 

samples collected from 20 participants from different families, between the two TPs. In total, 40 

fecal samples were analysed. Samples were refrigerated at 4 °C for a median duration of 19 

hours, and a maximum of 30 hours prior to processing. 

This design allowed us to assess intraindividual variability in SCFA concentrations over time. 

Figure 3.19 shows the concentrations of acetate, propionate, and butyrate produced for each 

participant at TP1 and TP2.  

 

Figure 3.19. Short-chain fatty acid concentrations (acetate, propionate, and butyrate) from 20 
individuals at time point 1 (red) and time point 2 (blue). Each dot with the same color represents a 
sample from the same individual. Red bars correspond to time point 1 (TP1), and blue bars represent time 
point 2 (TP2). Statistical differences across time points were assessed using the Wilcoxon signed-rank test, 
with the following p-values: Acetate = 0.18, Butyrate = 0.55, Propionate = 0.39. 

Figure 3.19 shows some interindividual variation in SCFA levels between individuals at both TPs, 

which is expected due to differences in gut microbiota composition and diet, particularly the types 

and amounts of fiber consumed. This interindividual variability has also been reported in previous 

studies118. Moreover, fecal SCFA levels are influenced not only by microbial production but also 

by intestinal transit time, as these metabolites can be used as substrates for the production of 

others over time in the GIT119.  

Within individuals, however, SCFA profiles appeared relatively stable over the two-month period, 

suggesting a resilient metabolic output of the gut microbiota despite potential fluctuations in 

microbial composition and external factors. Median concentrations at TP1 were 29.70 µmol/g 

(IQR: 20.94 – 46.49) for acetate, 4.72 µmol/g (IQR: 2.42 – 8.42) for butyrate, and 6.66 µmol/g 

(IQR: 4.27 – 10.17) for propionate. At TP2, the median concentrations were 35.15 µmol/g (IQR: 

23.95 – 49.86) for acetate, 4.66 µmol/g (IQR: 1.74 – 12.15) for butyrate, and 8.19 µmol/g (IQR: 

4.83 – 15.53) for propionate. We observed a slight increase in acetate and propionate levels 

between TP1 and TP2. 



65 

To statistically assess these differences, Wilcoxon signed-rank tests were performed for each 

SCFA, and no significant differences were found for any of the three metabolites evaluated 

between the two TPs.  

This stability suggests that, in most healthy adults, fecal SCFA levels remain relatively constant 

over a two-month period despite normal fluctuations in diet and lifestyle. These findings align with 

previous research showing stability in fecal metabolites over time and after diet intervention120 

and its stability over a period of one moth121. 

Although fecal SCFA concentrations represent only a small fraction of total SCFA production, 

since approximately 95% of SCFAs are absorbed by colonocytes before excretion, they remain 

useful, non-invasive markers of gut microbial activity. They reflect the balance between microbial 

production, host absorption, and metabolic usage, serving as an indirect measure of microbial 

function. This makes them valuable biomarkers in both clinical and research settings, particularly 

for longitudinal sampling. For example, changes in fecal SCFA levels have been linked to 

metabolic diseases, suggesting that monitoring SCFAs over time could be a helpful tool in disease 

surveillance64. 

However, it is important to note the limitations. Our sample size was small (n = 20), and larger 

cohorts would be needed to confirm these findings. Additionally, including the third time point 

(TP3) could strengthen the evidence for SCFA stability over time. 

4. Correlation Between SCFAs and Gut Microbial Genera at TP1 

Since SCFAs are metabolic products of microbial fermentation, we explored the relationship 

between gut microbiota and their levels. Specifically, we assessed the correlation between the 

SCFA concentrations and the relative abundance of bacterial genera associated with the 

production of these metabolites at TP1. Figure 3.20 presents a heatmap showing these 

correlations. 

The median relative abundance of these genera at TP1 were 12.63% (IQR: 5.03 – 18.82) for 

Bacteroides, 12.09% (IQR: 7.17 – 17.05) for Faecalibacterium, 1.28% (IQR: 0.53 – 19.34) for 

Eubacterium, 1.05% (IQR: 0.24 – 6.95) for Bifidobacterium, 0.73% (IQR: 0.35 – 2.18) for 

Roseburia, 0.20% (IQR: 0.39 – 0.58) for Clostridium, and 0.05% (IQR: 0.00 – 1.02) for 

Akkermansia. Faecalibacterium and Bacteroides were the most abundant genera, consistent with 

previous studies122.  
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Figure 3.20. Heatmap of Spearman correlation coefficients between short-chain fatty acid 
concentrations (acetate, butyrate, and propionate) and the relative abundance of selected bacterial 
genera in time point 1 (n = 20). Red indicates positive correlation, blue indicates negative. The Benjamini-
Hochberg correction was applied to control the false discovery rate in multiple comparisons. No correlations 
were statistically significant. 

Figure 3.20 shows moderate negative correlations between Bifidobacterium and acetate, and 

between Akkermansia and butyrate, which was unexpected. This may be explained by their low 

relative abundance in the samples, suggesting that acetate levels may be related to other genera 

and not only these. Additionally, Roseburia, typically associated with butyrate production, showed 

a stronger correlation with the levels of propionate. This might be due to these bacteria’s location 

in the proximal colon, where the butyrate-producing bacteria are present in higher abundance62.  

To confirm that none of the six bacterial genera were associated with SCFA production at TP1, a 

Benjamini-Hochberg correction for multiple comparisons was performed, and no significant 

correlation was found. One factor for this lack of correlation is the limited sample size, reducing 

statistical power. Additionally, the use of relative rather than absolute abundances may also have 

influenced the results, potentially masking true associations.  

These results highlight the complexity of microbial ecosystem functions. Functional redundancy, 

strain-level differences, and microbial interactions such as cross-feeding complicate the 

relationship between taxonomic abundance and metabolite concentrations. Furthermore, 

microbial metabolism depends on substrate availability, such as fiber intake, which was not fully 

controlled in this study.  
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Overall, while some genera are known contributors to SCFA production, functional outcomes may 

not linearly correlate with taxonomic abundance, especially in small cohorts and when using 16S 

rRNA gene sequencing alone. Future studies integrating multi-omics approaches, including 

metagenomics and gene expression analysis, are needed to better understand SCFA dynamics 

and microbial function in the gut123. 

D. Citizen Science as an Engagement and Communication Strategy 

and Study Limitations 

As previously mentioned, a distinctive feature of this study was its citizen science approach, 

implemented within the framework of the C+C Program. Participants helped with the data and 

sample collection, and shared ideas to improve the study, acting as contributors124.  

Self-sampling at home is practical but presents challenges that require pilot testing to optimize 

technical and logistical aspects. For example, lack of control over refrigeration and timing during 

collection may affect anaerobic bacteria viability and metabolite stability67. Although our results 

showed no significant impact of collection timing on SCFA levels, future studies could provide 

participants with kits to freeze samples immediately at home, ensuring better preservation and 

more flexible delivery scheduling. Such kits could include a plastic scraper and a blister-style 

container with breakable compartments, allowing aliquots to be thawed individually without 

compromising the rest of the sample. For larger studies, designated collection points with 

freezers, such as pharmacies, might be useful but would require additional funding. 

1. Participant Suggestions and Proposed Improvements 

Participants also gave valuable feedback on the questionnaires and the sample collection 

protocol. One suggestion was to use digital questionnaires to reduce handwriting errors, data 

loss, and forgotten responses. However, because of privacy and ethical rules, this wasn’t 

possible. To ensure data security and anonymity, a secure paid platform would be required. 

Since this was a pilot study, the same questionnaire was given at all three TPs. Several 

participants mentioned that this repetition felt redundant, especially when their answers didn’t 

change. Some even wrote “same as previous” instead of repeating their responses, causing 

missing data. Changing the questionnaire over time while retaining key questions could improve 

data quality and participant engagement. 

In addition, participants suggested specific changes to the questionnaire: 

• In the first section, change “Mandatory Information” to “Essential Information” with a 

note like “This information is needed to characterize the population. Without it, 

participation cannot be considered.” 

• Add “Mediterranean diet” and “Lactose-free diet” as options in question 8. 

• For questions 10 and 11, add “1 portion per day” as an option. 

• In question 12, add “Yes, sporadically.” 
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• Change questions 13 and 14 to ask: “Did you take any antibiotics/probiotics in the 

last month?” or, for later questionnaires, “Did you take any antibiotics/probiotics 

between sample collections? If yes, when and which?” 

• In question 15, ask “Do you have some disease or condition?”, such as hyperactivity 

or ADHD. 

• In question 16, add supplements and vitamins to the list, not just medications. 

In the second section: 

• Add a note to question 3: “Choose only one option,” since this wasn’t clear. 

• For question 4, add “dark brown” and “reddish” instead of just “red.” 

• Add new questions to question 7: “Do you take the contraceptive pill regularly?”, “Are 

you a child or adolescent?”, and “Are you in menopause or pre-menopause?” 

Regarding the sample collection protocol, participants suggested: 

• Stickers should be applied only at step 26 to avoid contamination. 

• The image labeled as step 25 does not resemble a toilet and should be replaced for 

clarity. 

• The “x 2-3” shown in the image of step 25 is not explained in the text and needs 

clarification. 

• Adding a video tutorial to explain the sample collection process would make the 

instructions easier to follow and help clarify the images. 

Question 6 in the second section, regarding average evacuation frequency, was often answered 

similarly to the previous question. To avoid redundancy and improve clarity, this question should 

be changed to a multiple-choice format. 

Moreover, question 7 in the first section, about family and cohabitation, should be reformulated, 

since not all the family live in the same house, and some infants could be adopted and not 

genetically related, it should be divided into two. One about genetics and another about 

cohabitation. 

A question about physical activity could also be asked, since it is documented that athletes have 

a higher diversity compared to sedentary ones60. Another important question could be whether 

the woman was recently pregnant or is currently breastfeeding, since pregnancy alters the 

microbiota composition125. 

Refining the questionnaire to include more specific diet questions will complement our metadata 

and improve subsequent analyses. 

2. Outreach Activities with Participant Involvement 

An important part of this project was the active involvement of citizen scientists, who not only 

contributed samples and feedback but also helped raise awareness about the intestinal 

microbiome within their communities. They took part in public engagement activities aimed at 
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raising awareness about the importance of gut bacteria, serving as co-ambassadors of the 

project. Examples include their participation in the ITQB NOVA International Microorganism Day 

at Santo Amaro Beach and in the European Researchers’ Night at the Oeiras Marina (Figure 

3.21).                  

  

Figure 3.21. Participation of the citizen scientists during public events to raise awareness about the 
intestinal microbiome. The (A) ITQB NOVA International Microorganism Day at Santo Amaro beach, and 
(B) the European Night of Investigators at Oeiras Marina.  

These fun and interactive activities were particularly designed for children, to help them 

understand that the human gut hosts a diverse community of microorganisms. Activities included 

blowing ink drawings to mimic microbes and painting rocks to represent gut bacteria. By engaging 

participants directly, these public outreach initiatives played a key role in fostering community 

interest and understanding of the gut microbiome, helping to demystify microorganisms and 

highlight their relevance to human health. 

In addition to public engagement activities, the project organized two visits to partner laboratories 

(Figure 3.22). The first visit, in December 2024, included the Católica Biomedical Research 

Center, GIMM Oeiras, and the BSL2 facility, guided by researchers of the team Luis Teixeira, 

Isabel Gordo, and Karina Xavier. The second visit, in June 2024, took place at ITQB NOVA, in 

collaboration with another citizen science project, guided by Sarela Santamarina and Mónica 

Serrano. These visits promoted transparency in sample processing and trust in the scientific 

process. During the events, the team provided project updates, answered questions about sample 

handling, and discussed the potential effects of probiotics on the gut microbiome. The second 

visit additionally allowed participants to explore advanced facilities such as the NMR unit and 

microscopy laboratories. 
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Figure 3.22. First visit to the partner laboratories. In (A), Católica Biomedical Research Center with Luis 
Teixeira, in (B), Gulbenkian Institute for Molecular Medicine, Oeiras pole, presented by Karina Xavier and 
Isabel Gordo, and (C) the presentation of the BSL2 facility.  

Outreach activities and laboratory visits play an important role in citizen science projects. They 

build trust in science, enhance motivation to stay involved in the project, and promote knowledge 

about the microbiome and the ongoing scientific research. Similar initiatives have been shown to 

improve public awareness and even influence health-related behaviors in a positive way69.  

The project was presented at the SciComPT Conference in Madeira in April. During the event, 

the project kits were shown, and discussions were held about the importance of this project and 

the crucial role of communication in science for the public. Additionally, activities were conducted 

to show how we can involve different age groups and raise awareness in the community about 

the importance of the microbiome for our health.  

At the conclusion of the project, personalized reports on the microbiota were developed in 

collaboration with the C+C Program for all families participating in the study. A report summarizing 

the results for the broader community involved in the study was also prepared and will be 

disseminated through the channels of the Municipality of Oeiras and the C+C Program, thus 

closing the loop and acknowledging participants’ contributions to science. Annex H presents a 

provisional version to be delivered to participating families. 

3. Study Limitations and Future Perspectives 

One of the main limitations of this study is that only samples from TP1 and most of the samples 

from TP2 were sequenced, primarily due to time constraints and limited resources. As a result, 

the temporal resolution of the dataset is restricted, limiting our ability to capture longer-term 

microbial fluctuations or identify trends. Future analyses that include samples from TP3 will be 

crucial for enhancing the longitudinal aspect of the study. This would allow the application of more 

robust and complex statistical models to better characterize natural microbial variation and 

stability over time within this population. Re-analysis of the existing data using updated 

methodologies and at different taxonomic levels or integrating TP3 samples could provide a more 

comprehensive understanding of temporal dynamics in the gut microbiota. 

Additionally, this study collected only three fecal samples over a six-month period, which is not 

enough to capture seasonal variations throughout the year. Longer studies are needed to detect 

changes related to environmental factors and seasonal diets, to better understand the normal 

variation in gut microbiome dynamics over time. Although some studies with two-year durations 

A) B) C) 
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and six-month intervals between collections did not report seasonal differences, due to the large 

time between sample collection126. Future studies should aim to collect samples specifically 

during different seasons of the year. However, longer follow-up periods may increase participant 

dropout, which should be carefully considered when designing such studies. 

Also, quantifying fecal samples to obtain absolute abundances, rather than relying on relative 

abundances alone, gives a clearer and more accurate picture of the microbial community127. 

Relative abundances show the proportion of each microbe compared to the total, but this can be 

misleading because if one microbe increases, others appear to decrease even if their actual 

numbers stay the same. Measuring absolute abundances helps us see real changes in microbial 

populations, which is important to better understand their behavior, interactions, and possible 

effects on health. This can be done using flow cytometry, allowing the count of microbial cells in 

the fecal sample, which helps adjust the amount of DNA extracted based on the microbial load95. 

Additionally, sequencing was limited to genus-level resolution, restricting the identification of 

species differences, strain-level resolution, and detection of functional genes. This limitation 

affected our ability to detect functions such as SCFA production, pathogenic potential, or antibiotic 

resistance. Future studies using shotgun metagenomics, metatranscriptomics, or metabolomics 

could provide a deeper and more precise understanding of microbial functions, activity, and 

dynamics. 
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 CONCLUSION 

Microbioma Comunidade Portugal is a pilot project that demonstrates the potential of citizen 

science as an effective approach in gut microbiome research. It demonstrates how involving the 

community in the research process, through data and sample collection, feedback, public events, 

and laboratory visits, can help recruit participants, increase their engagement, raise awareness 

about the microbiome, and foster trust in science. 

The time interval of two months between fecal sample collections was chosen to detect microbial 

variability and stability under natural conditions, without lifestyle or clinical interventions. With the 

collection of three fecal samples to understand the equilibrium abundances across time and 

estimate the temporal variation in the gut microbiota127.The logistics of conducting a longitudinal 

study were complex, requiring flexibility, ongoing communication, and participant motivation to 

maintain high-quality data and long-term commitment. The high number of study registrations 

reflected strong interest in participating, with individuals with gastrointestinal conditions being 

more inclined to participate than those without, this also occurred in other studies127. The dropout 

rate was low (6%), likely due to the scientific interest and background of many participants. 

At the taxonomic level, the phylum-level composition in this cohort was consistent with findings 

from other microbiome studies, with Bacillota and Bacteroidota being the most abundant phyla. 

For instance, in Southwest China, Bacillota is the dominant phylum, averaging 42.29% with a 

wide inter-individual range (0.48%–97.46%), followed by Bacteroidota (0–94.60%), 

Proteobacteria (0–99.32%), Actinomycetota (0–92.69%), and Verrucomicrobiota (0–24.58%)128. 

Our cohort also showed inter-individual variability of the gut microbiota, although not as 

significant. 

Comparatively, African populations exhibit a distinct microbiota profile, with Bacillota dominance 

at 78%, a higher Actinomycetota average of 16.5%, and a much lower average abundance of 

Bacteroidota, only 2.2%129, emphasizing the strong influence of cultural, dietary, environmental, 

and genetic factors on microbiome composition across populations. 

In the Spanish population, Bacillota also dominates, with an average of 53.9%, followed by 

Bacteroidota (37.2%), Proteobacteria (5%), Verrucomicrobiota (1.8%), and Actinomycetota 

(0.9%)122, closely aligning with our Portuguese data. However, slight differences, particularly in 

Actinomycetota relative abundance, may be explained by methodological variations, participant 

characteristics (including age, health status, and medication use), or environmental exposures, 

despite expected dietary similarities between Spain and Portugal. 

No significant changes were observed at the phylum level across the study TPs, suggesting that 

the gut microbiota remained stable and resilient at this taxonomic level89. The five main phyla 

maintained consistent relative abundance, distribution patterns, and variance. However, probably 

at the genus level, a substantial variation in intra- and inter-individual is likely to be seen, as shown 
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in other longitudinal studies with daily sampling127 (see Appendix A for relative abundance by TP 

at the genus level). 

Analysis of the Bacillota to Bacteroidota ratio, a frequently cited microbial marker, also showed 

no significant variation across TPs, age groups, or BMI categories. This supports the concept that 

this ratio is a stable feature in healthy individuals and may serve as a reliable metric in future 

studies aiming to detect deviations associated with disease or metabolic disturbances. 

When comparing the relative abundances of Bacteroides and Prevotella in our cohort with data 

from previous studies, our results are consistent with the gut microbiota composition typically 

found in Western populations, such as those in the United Kingdom (UK) and the United States 

of America (USA), with the dominance of Bacteroides and low levels of Prevotella. This supports 

the classification of our Portuguese cohort as exhibiting a Western-type gut microbiota102. 

Regarding diversity, we observed a significant increase in alpha diversity over time, suggesting 

improved richness and evenness in microbial communities throughout the study period. This 

increase can be related to seasonal differences, such as lower levels of insulin sensitivity in late 

summer, or to changes in diet associated with participation in a longitudinal citizen science study. 

Further longitudinal studies are needed to better understand the underlying causes of this 

increase. 

Previous studies have shown that individuals with gastrointestinal diseases often have reduced 

alpha diversity. However, our longitudinal study suggests that these differences may depend on 

the timing of sample collection. This highlights the importance of considering the intrinsic 

dynamics of the gut microbiota in clinical studies, as ignoring these fluctuations can bias the 

definition of health and disease states115. 

Relying on a single time point may lead to misclassification because differences between controls 

and patients could fall within the normal range of variation over time. Therefore, these findings 

support the use of longitudinal study designs in microbiome research, despite the increased 

financial and logistical challenges they present127. 

Family- and age-related differences were also observed, suggesting that shared environments 

and host factors may influence the composition of the gut microbiome. Older individuals tended 

to have greater ASVs richness, a pattern also observed in centenarians’ studies. However, no 

significant associations were found with diet, lifestyle, or early life exposures, possibly due to 

limited variation in these factors or small subgroup sizes. 

In contrast to alpha diversity, beta diversity remained stable over time, with no significant shifts 

across TPs, families, or age groups. Intra-individual comparisons confirmed that each 

participant’s gut microbiota was like their own at different TPs than to others, highlighting the 

personalized and consistent nature of the adult gut microbiome. This reinforces the idea that, 

while richness and diversity may fluctuate, the core composition of an individual gut microbiota 

remains resilient in the absence of major perturbations89. 



75 

Fecal SCFA concentrations, which are key metabolic products of microbial fermentation, also 

remained stable across TPs. This aligns with the stability observed in microbiota composition at 

the phylum level, suggesting functional maintenance of the gut ecosystem in normal individuals. 

These results support the potential of SCFAs as useful biomarkers, as they reflect the complexity 

of the gut microbiota, diet, and host physiology121. However, more longitudinal studies are needed 

to evaluate their dynamics over time and confirm their stability and associations with disease. 

Detecting changes beyond normal fluctuations could make SCFAs valuable tools for disease 

monitoring and early detection64. 

To contextualize our SCFA results, we compared them with published data from healthy cohorts. 

In Italy, a study of 16 healthy individuals, with a median age of 46 years, reported median 

concentrations of 30.9 ± 14.4 μmol/g for acetate, 7.6 ± 4.3 μmol/g for propionate, and 7.1 ± 5.9 

μmol/g for butyrate, using gas chromatography-mass spectrometry130. 

In the USA, a study of 21 healthy adults, between 18 and 65, reported median acetate levels of 

107.5 mmol/kg (IQR: 57.9–141.1), propionate at 23.5 mmol/kg (IQR: 12.2–36.1), and butyrate at 

20.4 mmol/kg (IQR: 10.7–35.1), using liquid chromatography119. 

In Thailand, a larger study with 157 healthy participants, between 18 and 60 years, reported 

median concentrations of 12.61 ± 6.45 µmol/g for acetate, 9.61 ± 5.09 µmol/g for propionate, and 

7.27 ± 4.42 µmol/g for butyrate131. 

Despite methodological and demographic differences, all studies found acetate as the most 

abundant SCFA, followed by propionate and butyrate, a pattern that aligns with our findings. Our 

SCFA levels were more similar to those of Italy, a European country. While absolute 

concentrations varied, especially between regions, these differences likely reflect variation in 

ethnicity, dietary patterns, sample handling, and analytical methods37. This supports the idea that 

SCFA concentrations are relatively stable and reliable biomarkers of gut microbiota activity, even 

when microbial diversity shifts over time. In other words, variability in the gut microbiome does 

not necessarily imply functional changes within the microbial community121.  

However, we did not find significant correlations between SCFA levels and the relative abundance 

of known SCFA-producing genera. This suggests that metabolic functions can be carried out by 

multiple bacterial taxa, not limited to a specific set of genera. This idea is further supported by the 

lack of major phylum-level changes over time and the stability of SCFA profiles. Such functional 

redundancy is essential for ecosystem resilience and may explain the absence of genus-level 

correlations. To better understand the relationships between microbial composition and function, 

future studies should incorporate metagenomic, transcriptomic, and metabolomic approaches 

capable of capturing strain-level differences and functional activity more accurately. 

In summary, this pilot project not only establishes a strong foundation for future microbiome 

studies in the Portuguese population but also contributes to the broader understanding of gut 

microbiota dynamics. We observed stability at the phylum level, including a consistent Bacillota 

to Bacteroidota ratio. Alpha diversity varied over time, likely influenced by seasonal factors, as 
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well as family and age-related differences, with older individuals showing greater richness. Beta 

diversity remained stable, with microbiomes being more similar within individuals over time than 

between different people, highlighting the personalized and resilient nature of the gut microbiome. 

Our results reinforce the role of SCFAs as reliable metabolic biomarkers and highlight the 

limitations of relying only on taxonomic profiling, especially in small cohorts. These findings 

emphasize the complexity of microbiome function, where ecological redundancy, metabolic 

interactions, and strain-level differences all help maintain stable functional outcomes. To confirm 

and expand these findings, more long-term and detailed longitudinal studies are needed.  
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 Appendix A – Supplementary Table 1 

Supplementary Table 1. Median relative abundance and interquartile range (IQR) of gut microbiota 
genera at time point 1 (TP1) and time point 2 (TP2). This table presents the median values and 
interquartile ranges (IQR) of the relative abundance (%) for each genus detected across samples at TP1 
(n=112) and TP2 (n=80). Genera with a median abundance of 0.00% at both time points were excluded to 
simplify the table.  

Genera Median (IQR) TP1 Median (IQR) TP2 

[Eubacterium] eligens group 0.23%(0.05–0.78%) 0.29%(0.12–0.71%) 

[Eubacterium] siraeum group 0.03%(0–0.12%) 0.09%(0.01–0.29%) 

[Eubacterium] ventriosum group 0.08%(0.03–0.16%) 0.12%(0.06–0.23%) 

[Eubacterium] xylanophilum group 0.05%(0–0.16%) 0.11%(0.04–0.3%) 

[Ruminococcus] gauvreauii group 0.23%(0.11–0.37%) 0.28%(0.15–0.55%) 

Acutalibacter 0.07%(0.03–0.12%) 0.08%(0.04–0.2%) 

Adlercreutzia 0.01%(0–0.04%) 0.01%(0–0.07%) 

Agathobacter 2.46%(0.92–5.25%) 3.05%(1.31–5.7%) 

Agathobaculum 0.09%(0.05–0.19%) 0.14%(0.09–0.29%) 

Akkermansia 0.02%(0–0.74%) 0.06%(0–0.61%) 

Alistipes 0.63%(0.23–1.3%) 0.66%(0.28–1.35%) 

Anaerobutyricum 0.05%(0.25–1%) 0.90%(0.56–1.41%) 

Anaerostipes 0.58%(0.23–1.09%) 0.84%(0.31–1.59%) 

Angelakisella 0.00%(0–0.02%) 0.01%(0–0.02%) 

Asaccharobacter 0.02%(0–0.06%) 0.02%(0.01–0.06%) 

Bacteroides 14.47%(5.25–19.4%) 14.58%(7.99–22.11%) 

Barnesiella 0.20%(0.04–0.58%) 0.18%(0.05–0.57%) 

Bifidobacterium 1.78%(0.33–6.73%) 1.35%(0.07–6.98%) 

Bilophila 0.04%(0.01–0.08%) 0.03%(0.01–0.08%) 

Blautia 4.13%(2.68–5.74%) 5.11%(3.77–7.49%) 

Butyribacter 0.10%(0.02–0.29%) 0.11%(0.02–0.42%) 

Butyricimonas 0.06%(0–0.16%) 0.05%(0–0.13%) 

CAG-56 0.26%(0.08–0.5%) 0.27%(0.1–0.42%) 

Christensenellaceae R-7 group 0.41%(0.11–1.53%) 0.70%(0.18–1.99%) 

Clostridium 0.24%(0.04–0.76%) 0.32%(0.1–0.83%) 

Colidextribacter 0.02%(0.01–0.06%) 0.05%(0.02–0.08%) 

Collinsella 1.50%(0.84–2.79%) 1.32%(0.5–2.51%) 

Coprobacter 0.00%(0–0.02%) 0.02%(0–0.04%) 

Coprococcus 0.96%(0.41–1.57%) 1.22%(0.84–1.79%) 

Dialister 0.28%(0–1.17%) 0.23%(0–0.9%) 

Dorea 0.95%(0.54–1.46%) 1.22%(0.91–1.63%) 

Enterocloster 0.13%(0.07–0.21%) 0.16%(0.09–0.27%) 

Erysipelotrichaceae UCG-003 0.21%(0.04–0.65%) 0.15%(0.03–0.35%) 

Escherichia-Shigella 0.03%(0–0.15%) 0.01%(0–0.13%) 

Faecalibacterium 11.43%(8.57–15.72%) 8.71%(6.32–12.49%) 

Faecalimonas 0.02%(0.01–0.04%) 0.03%(0.02–0.06%) 

Family XIII AD3011 group 0.03%(0.01–0.07%) 0.06%(0.02–0.13%) 

Family XIII UCG-001 0.01%(0–0.02%) 0.02%(0.01–0.03%) 

Flavonifractor 0.00%(0–0.01%) 0.01%(0–0.02%) 

Fusicatenibacter 1.08%(0.55–1.95%) 1.39%(0.72–2.12%) 
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GCA-900066575 0.02%(0.01–0.03%) 0.03%(0.01–0.05%) 

Gemmiger 2.29%(1.31–4.16%) 1.96%(1.29–4.16%) 

Intestinibacter 0.11%(0.01–0.47%) 0.16%(0.01–0.6%) 

Intestinimonas 0.02%(0–0.09%) 0.06%(0.02–0.17%) 

Lachnoclostridium 0.24%(0.1–0.34%) 0.25%(0.19–0.37%) 

Lachnospira 0.45%(0.13–0.89%) 0.47%(0.26–0.96%) 

Lachnospiraceae FCS020 group 0.12%(0.06–0.18%) 0.15%(0.09–0.24%) 

Lachnospiraceae ND3007 group 0.31%(0.16–0.63%) 0.47%(0.21–0.82%) 

Lachnospiraceae NK4A136 group 0.70%(0.26–1.51%) 0.82%(0.41–1.5%) 

Lachnospiraceae UCG-004 0.11%(0.06–0.2%) 0.17%(0.08–0.25%) 

Lachnospiraceae UCG-010 0.03%(0.01–0.06%) 0.05%(0.02–0.12%) 

Lachnotalea 0.00%(0–0.03%) 0.02%(0–0.05%) 

Marvinbryantia 0.10%(0.05–0.16%) 0.16%(0.08–0.23%) 

Mediterraneibacter 0.62%(0.27–1.16%) 0.70%(0.5–1.08%) 

Monoglobus 0.06%(0.02–0.12%) 0.13%(0.04–0.18%) 

Negativibacillus 0.01%(0–0.05%) 0.03%(0.01–0.12%) 

NK4A214 group 0.12%(0.02–0.32%) 0.23%(0.08–0.62%) 

Odoribacter 0.09%(0.03–0.15%) 0.12%(0.05–0.19%) 

Oscillibacter 0.02%(0.01–0.06%) 0.03%(0.01–0.06%) 

Oscillospira 0.01%(0–0.02%) 0.01%(0–0.03%) 

Paludicola 0.00%(0–0.01%) 0.01%(0–0.02%) 

Parabacteroides 0.42%(0.19–0.93%) 0.62%(0.29–0.97%) 

Parasutterella 0.03%(0–0.09%) 0.02%(0–0.08%) 

Phascolarctobacterium 0.12%(0–0.6%) 0.13%(0–0.51%) 

Romboutsia 0.37%(0.1–0.98%) 0.52%(0.15–1.11%) 

Roseburia 0.78%(0.35–1.68%) 0.97%(0.47–1.62%) 

Ruminococcus 0.99%(0.37–2.39%) 2.05%(0.86–3.08%) 

Ruthenibacterium 0.02%(0–0.04%) 0.02%(0–0.04%) 

Schaalia 0.01%(0–0.02%) 0.01%(0–0.02%) 

Senegalimassilia 0.06%(0–0.17%) 0.07%(0–0.19%) 

Slackia 0.02%(0–0.1%) 0.02%(0–0.13%) 

Streptococcus 0.06%(0.02–0.23%) 0.08%(0.02–0.29%) 

Sutterella 0.22%(0–0.55%) 0.20%(0–0.33%) 

Terrisporobacter 0.03%(0–0.29%) 0.05%(0–0.18%) 

Turicibacter 0.01%(0–0.04%) 0.02%(0–0.09%) 

UCG-002 1.14%(0.31–2.24%) 1.34%(0.61–2.45%) 

UCG-003 0.10%(0.05–0.23%) 0.10%(0.05–0.22%) 

UCG-005 0.30%(0.08–1.15%) 0.73%(0.25–1.42%) 

UCG-009 0.00%(0–0.01%) 0.01%(0–0.02%) 

Unknown 3.48%(1.31–6.71%) 3.72%(1.91–10.02%) 
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 Appendix F – Protocol Microbioma Comunidade 
Portugal for Sample Collection 
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 Appendix G – Informative Leaflet about the Importance 
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 Appendix H – Report of the Project Situation 
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 Appendix I – Personalized Microbiota Report – 
Provisional Vesion 
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