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-ABSTRACT- 
Gut microbiota is a complex ecosystem composed by the microorganisms that inhabit in the 

human gut. These microorganisms exert an influence on the host homeostasis and may be 

affected by host and environmental factors, specially by the type of diet. Altered gut bacterial 

composition (dysbiosis) has been associated with the development of many diseases, including 

obesity. In this sense, the present work aimed to evaluate the interaction between host genetics 

and microbiota in obesity, the effects of dietary components (ultra-processed foods, UPFs) and 
weight loss process on microbiota composition and the use of integrative models using microbiota 

information for the prescription of personalized weight loss diets. This research was carried out 

in subjects with overweight and obesity from the Obekit trial. In the first chapter, we performed a 

review that summarizes the current understanding of the relationship between the gut microbiota 

and the development of obesity, as well, the use of novel approaches as modulators (prebiotics, 

probiotics and fecal microbiome transplantation). In chapter 2, we evaluated the interactive 

associations between gut microbiota and a genetic risk score (GRS) constructed with 10 SNPs 

associated with body mass index (BMI). Prevotellaceae family was found associated with BMI 
and GRS in women. These findings suggest relevant interrelationships between Prevotellaceae 

and the genetic background that may determine interindividual BMI differences in women. In 

chapter 3, differences in gut microbiota composition were found according to UPFs consumption 

when comparing people who consumed less than 3 UPFs per day and more than 5, suggesting 

that UPFs have an impact on gut microbiota composition. Moreover, these changes in gut 

microbiota were different between men and women, showing that the impact of UPF on microbiota 

may be sex-dependent. In chapter 4, gut microbiota composition was analyzed before and after 

a weight loss intervention using a moderately high-protein (MHP) or a low fat (LF) diet. The 
changes in gut microbiota that accompanied weight loss were different between both diets, but 

also between men and women, showing that changes in microbiota composition after weight 

reduction occurred in a diet and sex-dependent manner. In addition, differences in bacterial 

metabolic pathways after weight loss were also found. Lastly, in chapter 5 we aimed to perform 

an integrative mixed model that combines baseline gut microbiota with a genetic score, which 

helps to decide the best type of diet for a successful weight loss. This model was constructed 

using a microbiota score associated with BMI loss for women, and a different microbiota score 
for men, showing that the success of a weight loss treatment could be estimated using gut 

microbiota composition and genetic information.  

Overall, the results of the present thesis show that gut microbiota composition interacts with host 

genetics for determining the interindividual differences in BMI and is affected by several factors 

including dietary components (UPFs consumption) and weight loss. Moreover, this work shows 

that gut microbiota could be used as a potential biomarker for the prescription of the best type of 

diet for a successful weight loss. Interestingly, different results were obtained between men and 

women in gut microbiota, showing that gut microbiota could be affected by host genetics, UPFs 
and weight loss, but also by sex-related factors. Considering all these factors, they could help to 

improve the personalization of weight loss advice.  
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1. Obesity: definition, assessment and prevalence 
 
Obesity is defined as an abnormal or excessive accumulation of adipose tissue generally 

attributed to a positive energy balance maintained over the time and accompanied by a 

sedentary lifestyle (Chait and Den Hartigh, 2020). However, not all individuals exposed 

to the same environment develop obesity, suggesting that other features are also 

involved (Lam et al., 2021). In fact, obesity is caused by the complex interaction of 

several factors such as socio-economic status, educational level, endocrine disorders, 

psychological situation, sleep disturbances, hypothyroidism, use of certain medication or 

genetic background (Schwartz et al., 2017). 

The grade of obesity in adults’ population is commonly assessed using the body mass 

index (BMI). BMI is calculated dividing body weight (kg) by the square of height (m). The 

World Health Organization (WHO) (“Body mass index - BMI,” 2019) and also the Spanish 

Society for the Study of Obesity (SEEDO) (Salas-Salvadó et al., 2007) have established 

the following classification of the nutritional status based on the BMI (table 1). A BMI 

between 25 and 29.9 kg/m2 corresponds to overweight subjects, whereas a BMI greater 

or equal 30 kg/m2 corresponds to subjects with obesity, regardless of sex. The BMI is a 

fast and convenient method, very common for obesity classification, although it could 

misclassify muscular subjects as overweight (Sommer et al., 2020). New instruments 

have appeared for the evaluation of obesity incorporating measures to evaluate fat mass, 

such as dual-energy-X-ray absorptiometry (DXA), but it is important to take into account 

the high cost and complexity of these devices (Ponti et al., 2019).  

 
Table 1. The WHO and SEEDO classifications for the nutritional status based on BMI.  

BMI WHO SEEDO 
<18.5 Underweight  Underweight 

18.5-24.9 Normal weight Normal weight 

25-26.9 Overweight (pre-obesity) Overweight level I 

27-29.9 Overweight (pre-obesity) Overweight level II (pre-obesity) 

30-34.9 Obesity class I Obesity class I (moderately obese) 

35-39.9 Obesity class II Obesity class II (severely obese) 

40-49.9 Obesity class III Obesity class III (very severely obese) 

>50 Obesity class III Obesity class IV (extreme obese) 

 
BMI, Body mass index; SEEDO, Spanish Society for the Study of Obesity; WHO, World Health Organization.  
 
Currently, the prevalence of obesity is rising around the globe (Malik, Willet and Hu, 

2020). In 2016, more than 1.9 billion adults were overweight and over 650 millions of 

them were obese, according to the WHO estimation. These data suppose the 39 % of 
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overweight (39 % of men and 40 % of women) population and 13 % with obesity (11 % 

of men and 15% of women) (WHO, 2020). This health problem continues growing, 

concerning most of the countries public health due to the fact that obesity increases the 

risk of developing comorbidities (e.g., type 2 diabetes (T2DM), non-alcoholic fatty liver 

disease, cardiovascular disease, and certain types of cancer) and premature mortality 

(Hruby and Hu, 2015).  

2. Biomarkers for the obesity prevention and management and the 
revolution of “omics” science 

The classical treatments against obesity deal with reduced-energy diets and physical 

activity (Leitner et al., 2017). However, as mentioned before, not all individuals respond 

equally to the same nutritional strategy, due to different factors (Garcia-Perez et al., 

2020). In this regard, the interest of studying biomarkers that help to prevent and treat 

obesity is increasing in the scientific community. In fact, the identification of biomarkers 

in obesity may help to focus on personalized strategies that could be most beneficial for 

each subject (Dhama et al., 2019). The concept of biomarker is defined as an objective 

indication of medical state observed from outside the patient, accurately and 

measurable, reproducible and interpretable (Martins-De-Souza, 2013). In obesity, many 

events can occur during the manifestation of the disease, thus many obesity-related 

biomarkers could be useful at any point of the disease (Nimptsch, Konigorski and 

Pischon, 2019). Classical obesity biomarkers, such as adiponectin or C-reactive protein 

(CRP), have been very promising. However, in the era of “precision medicine,” there is 

an increasing interest in novel biomarkers that even could improve the personalized 

prevention. (Aleksandrova, Mozaffarian and Pischon, 2018). In this context, the 

development of  “omics” and technology advancements during the last decades have 

accelerated the study of genes (genomics), messenger RNA (mRNA) and microRNAs 

(miRNAs, transcriptomics) (Appendix 2), proteins (proteomics), and metabolites 

(metabolomics), epigenetic markers of gene expression and phenotype (epigenomics) 

(Appendix 3) and gut microbiota (microbiomics) (Aleksandrova et al., 2020) in different 

conditions and diseases. In this sense, metagenomics means the study of a collection of 

genetic material (genomes) from a mixed community of organisms, usually referred to 

microbial communities. Metagenomics plays a role in the understanding the human gut 

microbiome, including the diversity of the gut microbiome, identifying novel genes and 

their functions (Jovel et al., 2016). A combination with metabolomics can also promote 

an understanding of the functional activity of the human gut microbiome and could be 

very useful for the early identification of individual susceptibility to obesity, prevention 

and treatment monitoring (Picó et al., 2019).  
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3. Microbiota as a new factor in the development and management of 
obesity  

As mentioned above, the problem of obesity has been growing in the last years and 

investigations efforts have been intensified in order to understand the etiology and find 

out effective treatments. In this sense, in the last decades scientific attention on gut 

microbiota has raised considerably, as well as the interest on the role of microbial 

communities in human health (Hadrich, 2018). In fact, gut microbiota is currently 

considered as a new factor involved in the development and treatment of obesity 

(Sanmiguel, Gupta and Mayer, 2015).  

3.1. The concept of gut microbiota 

The definition of gut microbiota refers to the total of microorganisms (including bacteria, 

archaea, viruses and unicellular eukaryotes) that represent a complex community in the 

intestine (Thursby and Juge, 2017). These microorganisms perform specific functions 

in host nutrient metabolism, xenobiotic and drug metabolism, maintenance of structural 

integrity of the gut mucosal barrier, immunomodulation, and protection against 

pathogens. Moreover, the term microbiome is defined as the collective genome of the 

microbiota, which contributes extensively to human physiology and metabolism. This 

human microbial genome is known as the metagenome, and is recognized as a second 

genome (Berg et al., 2020). These microorganisms inhabit the human body from the 

birth and they are established during the delivery (through vaginal delivery or cesarean 

section) and the breast feeding (Moore and Townsend, 2019).  

More than 30 bacterial phyla shape the human gut microbiota and present inter-

individual differences but 7 have been identified as the groups containing the largest 

amount of detected bacterial species: Firmicutes, Bacteroidetes, Actinobacteria, 

Cyanobacteria, Fusobacteria, Proteobacteria and Verrucomicrobia. Moreover, among 

them, Firmicutes, Bacteroidetes, Proteobacteria and Actinobacteria are largely present 

in human mucosal biopsies, luminal contents and feces (Rinninella et al., 2019). 

Firmicutes and Bacteroidetes represent around 90 %, the dominating phyla of the gut 

microbiota. Firmicutes phylum primarily includes Gram-positive bacteria like 

Lactobacillus and Clostridium species and has the greatest diversity in the 

gastrointestinal tract (GIT). Bacteroidetes phylum is composed by Gram negative, 

bacteria, including important genus such as Bacteroides and Prevotella (Rinninella et al., 

2019). Proteobacteria phylum is less representative and this group includes the well-

known pathogen Escherichia coli. Within the Actinobacteria phylum, the most 

characteristic genus is Bifidobacterium (Magne et al., 2020). Interestingly, gut microbiota 

composition tried to be simplified in clusters (enterotypes) with basis on the variation in 
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the relative levels of Bacteroides, Prevotella and Ruminococcus (Arumugam et al., 

2011). Enterotype 1 is enriched in Bacteroides and co-occurring Parabacteroides, for 

which carbohydrates fermentation and proteins putrefaction represent the main energy 

sources. Enterotype 2 is enriched in Prevotella and Desulfovibrio that degrade mucin 

glycoprotein. Enterotype 3 is the most frequent and is enriched in Ruminococcus and 

co-occurring Akkermansia, which degrade mucins. However, the clear clusterization of 

human microbiota in this enterotype classification is still inconsistent and difficult to apply 

in other populations (Cheng and Ning, 2019).  

Besides, gut microbiota composition is not completely fixed and it can be modulated 

throughout life by many factors (Coker et al., 2021) (figure 1). Factors affecting gut 

microbiota include the introduction of solid food, diseases and use of antibiotics, type 

and quality of diet, geographic location, ethnicity, level of physical exercise, smoking, 

alcohol habit and even the influence of host genetics (Dogra et al., 2020). Latest studies 

even found a time-of-a-day-dependent compositional and functional structure in gut 

microbiota, showing a synchronization with the circadian rhythms in the host 

(Matenchuk, Mandhane and Kozyrskyj, 2020). In fact, the plasticity and modulation of 

the gut microbiota is a key for its implication in health and disease and for the 

establishment of inter-individual differences (Juárez-Fernández et al., 2020).  

 

 
 
Figure 1. Factors affecting gut microbiota composition. Adapted from (Hasan and Yang, 2019). Image made 

using BioRender (https://app.biorender.com/biorender-templates). 
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The negative impact of these factors could trigger an imbalance in gut microbiota 

composition, selecting more virulent microorganisms leading to deleterious effects on 

the host health (J, K and J, 2019) (figure 1). The imbalance of gut microbial community 

alter the host-microbial homeostasis and is called dysbiosis (Belizário and Faintuch, 

2018). Gut dysbiosis is associated with various pathologic conditions affecting the 

gastrointestinal tract (diarrhea, irritable bowel syndrome) (Zareef, Younis and Mahfouz, 

2020), the immune system (allergy, type 1 diabetes, rheumatoid arthritis), food allergies 

(Ho and Bunyavanich, 2018), and the central nervous system (Alzheimer and Parkinson 

diseases, autism) (Hills et al., 2019), T2DM (Sharma and Tripathi, 2019), cancer 

(Dahmus et al., 2018) and obesity (Cornejo-Pareja et al., 2018). 

In this regard, gut microbiota can be considered as a superorganism with the capacity to 

communicate with each other and encode biochemical and physiological functions that 

interact with the host (Zhu, Wang and Li, 2021). Consequently, gut microbiota exerts an 

impact on host health, determining the development of certain diseases (Fan and 

Pedersen, 2020). 

3.2. Gut microbiota in obesity 

As mentioned above, the complexity of gut microbiota makes difficult to understand its 

implications and effects in host health and disease. However, in the last years, a big 

number of studies have evidenced the implications of gut microbiota in the development 

of obesity. The relationship between gut microbiota and obesity is evidenced with two 

main observations: (1) gut microbiota composition differed between lean and obese 

human subjects or mice; (2) the obese phenotype could be transferred by transplantation 

of the microbiota from obese mice or human subjects to recipient germ-free (GF) mice 

(Rodriguez et al., 2019). 

The first link between gut microbial environment and obesity was hypothesized by Ley 

et al. that analyzed the gut microbiota of leptin-deficient mice at major phyla level. 

Results from 16S rRNA gene sequencing indicated the two most abundant bacterial 

phyla were Firmicutes (60–80 %) and Bacteroidetes (20–40 %) and showed how mice 

homozygous for an aberrant leptin gene ob/ob, carried a different proportion of bacteria 

compared to lean wild-type (+/+) or heterozygous (ob/+) mice. In particular, the ob/ob 

mice had a 50 % decrease in the population of Bacteroidetes and a proportional increase 

in Firmicutes (Ley et al., 2005). Similarly, Turnbaugh et al. published a study on mouse 

models using the newer shotgun metagenomic sequencing technique on cecal microbial 

DNA (ob/ob, ob/+ and +/+) (Turnbaugh et al., 2006). This study confirmed the increased 

ratio of Firmicutes vs. Bacteroidetes in obese mice, as compared to lean ones. Based 

on these results obtained from obese animals and humans, it has been proposed that 
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the Firmicutes were more effective in extracting energy from food than Bacteroidetes, 

thus promoting a more efficient absorption of calories and the subsequent weight gain 

(Krajmalnik-Brown et al., 2012). Armougom et al. assessed by real-time PCR the 

expression profiles of intestinal microbiota in different subjects and found a significantly 

reduced level of Bacteroidetes in obese versus lean or anorexic subjects, whereas 

Firmicutes concentration was similar in the three groups (Armougom et al., 2009). 

Subsequently, Million et al. aimed to assess the association of specific bacterial species, 

like Lactobacillus or Bifidobacterium, with obesity. In particular, they analyzed the 

intestinal microbiota both at the phylum level, and within Lactobacillus and 

Bifidobacterium genera at the species level. Reduced levels of Bacteroidetes were 

detected in obese patients, although the difference with controls did not reach statistical 

significance (Million et al., 2012). Moreover, this study showed species-specific 

variations of Lactobacillus in obesity. Lactobacillus paracasei resulted significantly 

associated with lean status, whereas Lactobacillus reuteri and Lactobacillus gasseri 

were significantly associated with obesity (Million et al., 2012). Zuo et al. analyzed the 

composition of cultivable bacteria in obese and normal-weight subjects, and 

demonstrated that the amount of Bacteroides, (the major Bacteroidetes genus) and of 

Clostridium perfringens, was significantly lower in the obese group than in normal-weight 

one (Zuo et al., 2011). Other studies supported the findings of an opposite 

Firmicutes/Bacteroidetes ratio. Zhang et al. compared microbial community structures of 

three per category of normal weight, morbidly obese and post-gastric-bypass surgery 

(Zhang et al., 2009). The results indicated that hydrogen-reducing Prevotellaceae, within 

the class of Bacteroidetes, were significantly enriched in obese individuals compared to 

lean controls. However, the difference in the relative abundance of Bacteroidetes was 

not significant between the two groups (Zhang et al., 2009). The study of Palmas et al. 

showed that the gut microbial community of obese patients exhibited a significant 

decrease in the relative abundance of several Bacteroidetes taxa (Flavobacteriaceae, 

Porphyromonadaceae, Sphingobacteriaceae, Flavobacterium, Rikenella spp., 

Pedobacter spp., Parabacteroides spp., Bacteroides spp.) when compared to 

normalweight subjects. Several Firmicutes taxa were significantly increased in the same 

subjects (Lachnospiraceae, Gemellaceae, Paenibacillaceae, Streptococcaceae, 

Thermicanaceae, Gemella, Mitsuokella, Streptococcus, Acidaminococcus spp., 

Eubacterium spp., Ruminococcus spp., Megamonas spp., Streptococcus, Thermicanus, 

Megasphaera spp. and Veillonella spp.) (Palmas et al., 2021). Another study in obese 

subjects with type 2 diabetes showed that bacteria from Firmicutes were predominant 

along with those from Clostridia and Negativicutes, whereas bacteria from 

Verrucomicrobia, Bacteroidetes, Proteobacteria, and Elusimicrobia were less abundant 
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among the obese patients (Ahmad et al., 2019). In any case, accumulating evidence 

during the last years has demonstrated that the gut microbiota presents differences 

between obese and lean subjects and plays a crucial role in the onset and development 

of many metabolic diseases. Indeed, the search of bacterial markers of obesity has 

considerably increased. 

On the other hand, the contribution of the gut microbiota to obesity development was 

evidenced in fecal microbiota transplantation experiments from obese to lean animals. 

The fecal microbiota transplantation (FMT) refers to the administration of a fecal 

suspension from a healthy person to the GIT of another person to cure a specific disease. 

FMT from normal mice into the GF mice led to a significant increase in total body fat and 

insulin resistance without any increase in food consumption or changes in energy 

expenditure (Bäckhed et al., 2004). Bäckhed et al. found that compared to their normal 

counterparts, GF mice are protected from development of obesity after consuming a 

Western-style, high-fat, sugar-rich diet (Bäckhed et al., 2007). Moreover, another study 

demonstrated that GF mice colonized with fecal microbiota from obese ob/ob mice had 

a significant increase in dietary caloric extraction and fat gain compared to microbiota 

from lean (ob/+ or +/+) mice, showing that intestinal bacteria influence the phenotypic 

characteristics of the host (Turnbaugh et al., 2006). Recently, FTM is an interesting 

option to modify gut microbiota and has been associated with improved clinical 

outcomes, albeit only used in routine care for Clostridium difficile infection (Napolitano 

and Covasa, 2020).  

3.3. Gut microbiota mechanisms implicated in obesity 

Evidences about the gut microbiota differences between lean and obese subjects have 

shown its relationship with obesity and the implication of certain groups of bacteria in the 

onset of obesity. The mechanisms by which gut microbiota can be implicated in the 

progression of obesity are not well understood. However, it has been proposed that gut 

microbiota could increase energy harvesting from the diet, modulating the formation of 

substrates for storable fat synthesis and produces compounds that are likely to increase 

inflammatory status. Also, gut microbiota might have central effects on satiety.   

Pioneer studies using GF mice showed microbiota as a factor influencing fat storage and 

obesity. Conventionally raised mice presented 42 % more total body fat and 47 % more 

gonadal fat than GF mice, although GF mice consumed more food. (Backhed  et al., 

2004). The colonization of GF mice with a cecum-derived microbiota from conventional 

mice produces a 60 % increase in body fat mass within 2 weeks. The increase in body 

fat was accompanied by insulin resistance, adipocyte hypertrophy, and increased levels 

of circulating leptin and glucose. This was partly explained by the capacity of the gut 
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microbiota to degrade undigestible polysaccharides into monosaccharides which could 

be absorbed leading to increased hepatic lipogenesis in the host. 

The gut microbiota degradation of starch, unabsorbed sugars, cellulosic, non-cellulosic 

polysaccharides and mucins produces short chain fatty acids (SCFA) in the intestine 

(Nogal, Valdes and Menni, 2021). Acetate, propionate and butyrate are the primary 

SCFA products (Sanmiguel, Gupta and Mayer, 2015). Acetate and propionate are mostly 

produced by Bacteroidetes phylum, while butyrate is produced by the Firmicutes phylum 

(Baothman et al., 2016). Several investigations have shown beneficial effects of SCFA 

in host health. For example, butyrate plays a key role in the maintenance of gut-barrier 

function, assembly of tight junction proteins, and mucin secretion. In addition, butyrate 

may block the translocation of endotoxins to the bloodstream (Li et al., 2018). High levels 

of propionate can interfere with energy metabolism, and have recently been shown to be 

causally linked to a high risk of T2DM. Also, SCFAs can activate G-protein-coupled 

receptors (GPRs), that modulate key metabolic hormones, including peptide YY (PYY) 

and glucagon-like-peptide-1 (GLP-1) (Brooks et al., 2016).  

However, high abundance of gut bacteria capable of fermenting carbohydrates increases 

the rate of SCFA production, providing additional energy to the host. The extra-energy 

source in the host can be used for lipogenesis (increasing fat storage) and 

gluconeogenesis (Muscogiuri et al., 2019). Acetate is available to peripheral tissues 

where it can be used for lipogenesis in adipose tissue or oxidized by muscle.  

Obesity-related dysbiosis alterations may be accompanied by a predominance of gram-

negative bacterial species, which can disturb the intestine endothelial structure. The 

imbalance in gram-negative microorganisms increase fecal and circulating flagellin, 

lipopolysaccharide (LPS), and peptidoglycan (PGN). LPS is a potent inflammatory 

molecule located in the cell membrane of gram-negative bacteria, which is able to disrupt 

intercellular junctions, altering gut homeostasis and trigger intestinal and systemic 

inflammation. The disruption of gut barrier integrity and leakage of microbial-associated 

molecular patterns (MAMP) containing bacterial fragments contribute to the pro-

inflammatory cytokines associated with obesity and the physiopathology of several 

obesity-related conditions (e.g., insulin resistance and non-alcoholic fatty liver disease) 

(Leocádio et al., 2019). In this line, changes in the microbiota can also activate the gut 

endocannabinoid system through stimulation of endothelial CB1 receptors, which 

contributes to increases in gut permeability, plasma LPS levels and gut barrier disruption, 

aggravating the disorder (figure 2).  
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Figure 2. A “leaky gut” affects the lining of the intestine and tight junctions are damaged in response to 

stress (for example a high-fat diet). The passage of LPS and other pathogens into the bloodstream causes 

the activation of the immune system and inflammation. Adapted from (Mohammad and Thiemermann, 2021). 
Image made using BioRender (https://app.biorender.com/biorender-templates). 

 

Also, several studies have shown that gut microbiota communicate with brain by a 

bidirectional system (Torres-Fuentes et al., 2017), affirming the concept of the 

microbiota–gut–brain axis. In this interrelationship, the brain can affect the community 

structure and function of the gut microbiota through the autonomic nervous system, by 

modulating regional gut motility, intestinal transit and secretion, and gut permeability, 

and potentially through the luminal secretion of hormones that directly modulate 

microbial gene expression. The gut can interact with the central nervous system to 

transfer information on nutritional status through a variety of mechanisms, including 

enteroendocrine cells (EECs), the vagus nerve, and the enteric nervous system. 

Microbial-produced metabolites can modulate these signals (Martin et al., 2018). For 

example, the SCFAs biosynthesis can activate hormone secretion through coupled 

receptor FFA2 (free fatty acid receptor 2) and increase the number of EECs, particularly 

GLP-1 and PYY expressing cells, regulating the production of these metabolic 

hormones. Thus, the gut-brain axis exerts an impact on host metabolism and the central 

regulation of appetite and food intake and consequently can be involved in the 

development of obesity (Son et al., 2021).  

In this regard, the modulation and changes of gut microbiota composition exert an impact 

on host health and energy homeostasis (Hill et al., 2019), but further studies are needed 

to better understand the mechanisms of the observed relation between gut microbiota 

and obesity (Muscogiuri et al., 2019) (figure 3).  



Introduction 

 12  

 
Figure 3. Mechanisms underlying the association between obesity and microbiota. Obesity is associated 

with a high abundance of bacteria capable of fermenting carbohydrates that increases the rate of SCFA 
biosynthesis, providing an extra source of energy for the host, which ends up being stored as lipids or 

glucose. The activation of the endocannabinoid system in the gut contributes to increase gut permeability, 

which enhances plasma LPS levels and exacerbates gut barrier disruption. Adapted from (Muscogiuri et al., 

2019). Image made using BioRender (https://app.biorender.com/biorender-templates). 
 

3.4. The relationship between gut microbiota and diet 

Although gut microbiota could be affected by several factors (age, antibiotics, drugs, 

sleep disorders, etc) diet is a key variable that has a strong impact on gut microbiota 

composition (Ramirez et al., 2020). The contribution of diet modulating the configuration 

of microbiota is manifest from the beginning of life, when human milk oligosaccharides 

exert an effect on maturation of the gut microbiota in early infancy (Zuurveld et al., 2020). 

The participation of diet in the configuration of gut microbiota is also observed with the 

introduction of solid foods associated with the increase in bacterial richness and 

concludes with decreased richness observed in frail ageing populations in long stay care, 

probably due to reduced food diversity (Padilha et al., 2019). Members of the gut 

microbiota are not only sensitive to proportions of certain dietary constituents but also 

respond differently to nutrition in a myriad of temporal and geographical contexts (Zmora, 

Suez and Elinav, 2018). There are several mechanisms by which diet can influence gut 

microbiota. Directly, nutrients can interact with microorganisms to promote or inhibit their 

growth, and the capability to extract energy from specific dietary constituents bestows a 

direct competitive advantage to selected members of the gut microbial community, 

rendering them more capable of proliferating at the expense of less-adept members. 
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This aspect is reflected by the observation that diet affects not only the relative and 

absolute abundance of gut bacteria but also their growth kinetics (Rowland et al., 2018). 

The central nutrients in this mechanism are indigestible carbohydrates termed glycans, 

which are mostly derived from plants. Indirectly, diet-derived antigens and compounds 

can shape the gut microbiota in an indirect fashion by affecting host metabolism and its 

immune system (Oliphant and Allen-Vercoe, 2019).  

The microbiota composition seems to be strongly associated with long-term dietary 

habits, although short-term dietary modifications can also trigger alterations in gut 

microbiota conformation (Leeming et al., 2019). Table 2 sums up the effects of certain 

dietary pattern on gut microbiota. In this sense, several studies have investigated the 

influence of diet on gut microbiota configuration. The study of de Filippo et al. evidenced 

the significant differences in gut microbiota studied in children from rural Africa (Burkina 

Faso) and Italian children living in urban areas. Results showed that these two 

populations have radically different diets. African children presented a high fiber content 

diet, whereas Italian children diet was characterized by a western pattern. Authors found 

that African children showed a significant enrichment in Bacteroidetes and depletion in 

Firmicutes, with a unique abundance of bacteria from the genus Prevotella and 

Xylanibacter (known to contain genes for cellulose and xylan hydrolysis). Also, 

Enterobacteriaceae (Shigella and Escherichia) were significantly underrepresented in 

African children than in European children (de Filippo et al., 2010). The study of de 

Filippo et al. evidenced the huge and important impact of diet on gut microbiota.  

Other studies have found that western diet , typically constituted by high consumption of 

red meat, animal fat, high simple sugar and low fiber food, was therefore associated with 

an increased number of Bacteroides phyla (mainly mucin-degrading bacteria) and also 

Ruminococcus (Bibbo et al., 2016). Western diet prevalence of Bacteroides and 

Actinobacteria is positively associated with high-fat diet, but is negatively associated with 

fiber intake, whereas Firmicutes and Proteobacteria show the opposite association. Also, 

substantial depletion of gut microbial diversity has been shown in western dietary pattern 

(Klement and Pazienza, 2019). In addition, western diet leads to the modification of the 

gut microbiota raising the proportion of gram-negative bacteria, which have shown a 

negative impact due to an association with dysbiosis and LPS translocation (Netto, 

Bressan and Gonçalves, 2018). In this sense, western dietary pattern uses to be 

accompanied by a high consumption of ultraprocessed foods (UPFs) (Pagliai et al., 

2021). In general, the tendence of UPFs consumption is increasing worldwide 

(Vandevijvere et al., 2019) and associated with metabolic diseases such as obesity, 

metabolic syndrome (Martínez-Steele et al., 2019) or T2DM (Srour et al., 2020). These 
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pathologies are also connected with oxidative stress and inflammation, which could 

modify gut microbiota composition, richness and diversity (Senghor et al., 2018).  

In this regard, an animal-based diet increases the abundance of bile-tolerant 

microorganisms (such as Alistipes, Bilophila and Bacteroides) and decreases the levels 

of Firmicutes metabolizing dietary plant polysaccharides (Roseburia, Eubacterium 

rectale and Ruminococcus bromii). Such data confirm the existing differences between 

gut microbiota of vegetarians (higher carbohydrate fermentation) and carnivorous 

subjects (higher protein fermentation) (Tomova et al., 2019). The vegetarian diet has 

shown to be effective to promote a diverse ecosystem of beneficial microbes (Fetissov 

et al., 2019). In fact, Klimenko et al. reported that a higher intake of vegetables and fruits 

in the diet was associated with higher gut microbial community diversity (Klimenko et al., 

2018). A Danish study involving obese subjects has shown that higher fruit and vegetable 

intake is associated with a high number of gut microbial genes that determine optimal 

bacterial richness. Evidence also suggests that gut microbiota  established by a plant-

based diet promotes lower production of secondary bile acids and trimethylamine and, 

therefore, reduces the risk of intestinal barrier dysfunction, inflammation, and liver cancer 

(Cao et al., 2017). Specifically, Rumminococus and Prevotella genus seem to be 

increased by a plant-based diet. Previous studies have reported that an abundance of 

Ruminococcus is positively correlated with butyrate production, lower endotoxemia, 

lower arterial stiffness, and lower BMI (Tomova et al., 2019). 

A high intake of polyphenols (high consumption of fruits, vegetables, tea, cocoa 

products, and red wine) have also shown a beneficial effect on gut microbiota by 

increasing the abundance of Bifidobacterium and Lactobacillus and elevating the 

production of SCFAs. Additionally, a reduction in pathogenic bacteria—Clostridium 

species (Clostridium perfringens and Clostridium histolyticum)—has been detected in 

response to polyphenols intake (Singh et al., 2019).  

Regarding Mediterranean pattern, it is characterized by high consumption of fresh 

vegetable, fruits, extra virgin olive oil, fish, legumes, whole grains, nuts and seeds 

(Martínez-González et al., 2017). It has also been observed an increase in diversity, 

associated with specific characteristics of the gut microbiota, producing more SCFAs 

(Merra et al., 2021). Mediterranean diet has high content and bioavailability of fiber, and 

in particular of insoluble fiber. In this line, microbiome gene richness has been reported 

to be positively correlated with the consumption of fruits, vegetables and fish.    

A study conducted in patients with metabolic syndrome fed with a Mediterranean diet for 

two years showed a partially reduction of the dysbiosis typical of the metabolic syndrome 

and an increase of Bifidobacterium genera (Haro et al., 2016).  
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Higher levels of Clostridium of cluster XIVa and Faecalibacterium prausnitzii have been 

found in subjects with a high adherence to the Mediterranean diet, as well as, a greater 

abundance of Bacteroidetes, Prevotellaceae and Prevotella and a lower presence of 

Firmicutes and Lachnospiraceae (Gutiérrez-Díaz et al., 2016, 2017).  

Also, Garcia-Mantrana et al. documented a lower Firmicutes-Bacteroidetes ratio 

associated with a high adherence to the Mediterranean diet (Garcia-Mantrana et al., 

2018). Typical food components present in the Mediterranean diet are associated with 

the presence of specific strains in the gut microbiota. For example, cereals consumption 

are related to the presence of Bifidobacterium and Faecalibacterium, Tenericutes and 

Dorea. The consumption of olive oil and red wine are related to the presence of 

Faecalibacterium, while the consumption of vegetables are related to the presence of 

Rikenellaceae, Dorea, Alistipes and Ruminococcus, and legumes are related to the 

presence of Coprococcus species (Gutiérrez-Díaz et al., 2017; Garcia-Mantrana et al., 

2018) (Appendix 6). 

 

The evident interrelationships between diet and the microbiota and their effect on the 

host might reconcile some of the discrepancies that have been troubling nutrition 

researchers and could explain the variability encountered in the response to diet, at times 

observed in apparently similar conditions. The dietary factor is modifiable, and its 

influence on gut microbiota composition could be used for therapy strategy to manipulate 

microbial diversity, composition, and stability in the contexts of obesity and other 

metabolic diseases (Hasan and Yang, 2019).  
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Table 2. Effect of different types of dietary patterns on gut microbiota.  

 
Type of diet Dietary characteristics  Impact on gut microbiota Reference 

Western -Overavailability of food 
-High intakes of high-fat foods,  

-High-sugar desserts and drinks  

-High intakes of red meat 

-Refined grains consumption  

-Low fiber intake  

   

      Bacteroidetes  

      Actinobacteria 

      Microbial diversity  

      Microbial richness 

      Endotoxin-producing bacteria  

 

(Bibbo et al., 

2016; Senghor 

et al., 2018; 

Netto, 

Bressan and 

Gonçalves, 

2018; Klement 

and Pazienza, 

2019) 

Vegetarian/vegan -Fewer calories from fat 

-High intake of plant-based fiber 

-Elimination of fish and meat 

-High consumption of grains, 

legumes, fruits and vegetables 

       Microbial diversity  

       Microbial richness 

       Rumminococcus 

       Prevotella 

 

(Cao et al., 

2017; Fetissov 

et al., 2019; 

Tomova et al., 

2019) 

High polyphenols  -High consumption of fruits, 

vegetables, tea, cocoa products, and 

red wine 

       Bifidobacterium  

       Lactobacillus 

       SCFA producing bacteria 

       Pathogenic bacteria (from         

Clostridium genus) 

(Etxeberria et 

al., 2013; 

Duda-Chodak 

et al., 2015; 

Singh et al., 

2019) 

Mediterranean  -High intake of vegetables and fruits 

-High intake of legumes 

-High intake of whole grain 

-High consumption of extra virgin 

olive oil  

-High fiber intake, antioxidants, 

phytosterols, polyphenols and 

unsaturated fatty acids 

       Lower F/B ratio  

       Faecalibacterium  

       Prevotella 

       SCFA producing bacteria 

       Coprococcus 

 

(Gutiérrez-

Díaz et al., 

2016, 2017; 

Haro et al., 

2017; 

Martínez-

González et 

al., 2017; 

Garcia-

Mantrana et 

al., 2018; 

Merra et al., 

2021) 

F/B: Firmicutes/Bacteroidetes ratio  

 

3.5. Gut microbiota and body weight regulation  

As mentioned, Ley et al. authored one of the first studies linking gut microbiota to obesity 

in humans and compared gut microbiota of lean and obese individuals. These results 

showed that obese subjects presented a reduced proportion of Bacteroidetes and higher 

of Firmicutes (Ley et al., 2005). Interestingly, after dietetic treatment the relative 

abundance of Bacteroidetes increased while that of Firmicutes decreased in this study 

(Ley et al., 2005). Since, differences in gut microbiota between lean and obese subjects 
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have been studied as a novel factor to optimize weight loss intervention (Kim et al., 

2020).  

Bariatric surgery is an effective and rapid therapy for severe obesity. The studies of 

patients have been a useful approach to understand the change of the gut microbiota 

configuration after weight loss (Ulker and Yildiran, 2019). Most of the studies evaluating 

the impact of bariatric surgery on gut microbiota have been performed in patients 

undergoing Roux-en-Y gastric bypass (RYGB) or Sleeve Gastrectomy (SG) (Ulker and 

Yildiran, 2019). Changes on microbial composition and functional profile are induced by 

changes in pH because of the lower gastric acid secretion, triggering an increase of 

oxygen and subsequently an expansion of facultative anaerobes belonging to 

Proteobacteria phylum, such as Haemophilus. In fact, at phylum level, most of the 

studies agree with Proteobacteria increases after bariatric surgery, a phylum linked to 

proinfammatory status (specially the Alphaproteobacteria class). Some bacterial genus, 

such as Eubacterium, Faecalibaceterium and family Ruminococcaceae changed and 

they are associated with the amelioration of metabolic factors, including glycated 

hemoglobin (HbA1c) (Shen et al., 2019). Also, bariatric surgery has been shown to 

increase gut bacterial richness and diversity (Ulker and Yildiran, 2019). Akkermansia 

genus (and the species Akkermansia muciniphila) is also increased after the bariatric 

surgery (Aoun, Darwish and Hamod, 2020). A. muciniphila has been shown to have an 

important impact both on improved glucose homeostasis and weight loss as well as on 

the gut epithelium health in obese mice treated with prebiotics or after oral administration 

of the live bacteria. Also, it is associated with insulin sensitivity in mice and humans. 

Indeed, obese individuals with increased A. muciniphila have improved metabolic 

condition. Thus, A. muciniphila has been suggested as a potential therapeutic tool to 

ameliorate obesity and improve health status. A similar behavior was found with Alistipes 

obesi, which increased in lean subjects (Xu et al., 2020). 

These microbiota changes demonstrated that the weight loss process can directly impact 

on gut microbiota composition due to anatomic changes after surgery. However, possible 

mechanisms for the changes in the intestinal microbiota include food choices and 

preferences, reduction of food consumption, and nutrient malabsorption (Sánchez-

Carrillo et al., 2021).  

But the most common treatment in obesity is the implementation of a calorie-restriction 

diet. Similar to bariatric surgery, a calorie-restriction treatment triggers a modification on 

gut microbiota, showing that weight loss by dietary intervention has an effect on 

microbiota configuration (Damms-Machado et al., 2015).  

After weight reduction, the total bacterial abundance seems to increase and the ratio of 

Firmicutes/Bacteroidetes to decrease. Also, weight loss induce an increase in bacterial 
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richness (Tseng and Wu, 2019). Restrictive diets tend to reduce the butyrate producers 

Firmicutes, Lactobacillus and Bifidobacterium. Interestingly, Akkermansia genus, 

associated with lean subjects, seems to be significantly more prevalent after weight 

reduction (Companys et al., 2021). A weight reduction program for 6 weeks showed that 

the abundance of Collinsella genus decreased, a genus often associated with 

inflammation.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                           

The process of weight loss provokes variations in gut microbiota composition by itself. 

However, changes in microbiota are also dependent on the type of weight loss diet and 

macronutrient distribution. Studies about changes after a very low calorie-ketogenic-diet 

(VLCKDs) showed a reduction in Roseburia and Eubacterium rectale, the two most 

abundant butyrate-producing bacteria in human feces. VLCKDs preserved the core fecal 

microbiome, but altered the composition of fecal microbial populations in relation to the 

plasma metabolome and fecal bile acid composition.  

Weight loss through Mediterranean pattern seems to decrease many Firmicutes taxa 

(i.e., Lachnospiraceae members, Ruminococcaceae and Ruminococcus, 

Veillonellaceae, Catenibacterium, Megamonas). In addition, the phylum Proteobacteria 

showed an increased abundance, while the genus Sutterella, within the same phylum, 

decreased after a Mediterranean diet intervention.  

Other studies showed an increase in Clostridium Cluster IV, Bifidobacterium sp., A. 

muciniphila and Faecalibacterium prausnitzii after a low-fat intervention. Calorie 

restriction with a high protein diet triggered an increase in alpha diversity and an 

enrichment of Akkermansia spp. and Bifidobacterium spp. and depletion of Prevotella 

spp.  

The impact of weight loss process on microbiota revealed a potential target for treating 

obesity. In fact, there is a growing interest in stablishing models for individualizing diets 

based on baseline gut microbiota composition and with an effective weight-loss. The 

study of baseline microbiota and its behavior after a weight loss diet is a very useful tool 

for finding potential biomarkers of a successful weight loss. For example, Bacteroides 

dorei has been shown as a strong predictor for weight loss when present in high 

abundance at baseline (figure 4). 
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Figure 4. Schematic representation of using gut microbiota in the context of personalized weight loss. (a) 
Several factors (diet, host genetics, physical exercise, antibiotics use, sleep disruption or stress, between 

others) affecting differently gut microbiota in humans. (b) These factors shape gut microbiota and create an 

interindividual variability. (c) Using gut microbiota composition at the beginning of a nutritional intervention, 
and statistical tools is possible to predict personalized responses to different dietary interventions (d) After 

analysis of gut microbiota and the construction of prediction models of weight loss is possible to choice the 

most successful type of diet for weight loss. Adapted from (Kviatcovsky, Zheng and Elinav, 2021). Image 

made using BioRender (https://app.biorender.com/biorender-templates).  

 

Nevertheless, given the general complexity of the microbiome structure and function, 

consensus is lacking at present regarding specific features of microbial composition that 

may help predict weight-loss response outcomes.  

4. Genetics of obesity and its interaction with the microbiome  
Obesity is caused by several environmental factors and genetic predisposition is also 

involved. Several authors have tried to explain the role of genetics in obesity. In 1962, 

Neel proposed the “thrifty gene hypothesis” and linked it with the increasing prevalence 

of obesity. This hypothesis asserts that in prehistoric times there would have been 

positive selection for traits conferring the ability to store energy efficiently in periods of 

limited food availability. Thrifty genes are those genes that enable to efficiently collect 

and process food to deposit fat during periods of abundance in order to provide for 

periods of food shortage (feast and famine) (Neel, 1962). However, in modern society, 

such genes are disadvantageous because of the constant abundance of food, and the 

result is widespread obesity. As an alternative to the “thrifty gene hypothesis”, Speakman 

proposed the “drifty gene hypothesis”. This theory, in contrast to the “thrifty genotype”, 

proposes that genes predisposing to obesity were not under any positive selection, but 

have rather been subjected to random drift because of an absence of selection 

(Speakman, 2008). Adoption and familial studies also provide evidence of the genetic 

contribution to obesity. Stunkard et al. (1986) showed a strong correlation between the 

adoptees and biological parents with respect to BMI but not with adoptive parents. 

Furthermore, they examined the BMI of twins reared together and apart to conclude the 

heritability of about 70 %. In addition, Sorensen et al. (1989) reported the association 
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regarding BMI between adoptees and their biological full and half siblings who were 

reared separately by the biological parents of the adoptees. Although a BMI association 

existed between adoptees and their half siblings, the BMI of the adoptees was found to 

be most closely related to the fatness in the full siblings. Further evidence comes from 

differences in prevalence of obesity among racial/ethnic groups. For example, the 

prevalence of obesity among Pima Indians is 50 % or more, meanwhile among 

Caucasian and Asian populations is around 35 %. 

The term monogenic obesity refers to a number of rare forms of severe obesity resulting 

from mutations of large effect size in a single gene or a chromosomal region, that affect 

about 5 % of the obese population. Some of the genes in monogenic non-syndromic 

obesity are leptin (LEP), leptin receptor (LEPR), proopiomelanocortin (POMC) or 

melanocortin 4 receptor (MC4R) (Loid et al., 2020). By the contrary, polygenic obesity 

(common obesity), results from the combined effect of several genetic variants in multiple 

genes. In polygenic obesity each polymorphism has a small effect to contribute to obesity 

predisposition (Littleton et al, 2020). Therefore, each genetic variant additionally requires 

the presence of other variants and an obesogenic environment to develop the obese 

phenotype. Most of these gene variants have been identified by means of candidate 

gene analyses or genome wide association studies (GWAS) (Dalfrà et al., 2020).  

4.1. Genetic risk scores (GRSs) 

Several GWASs have identified a large number of obesity susceptibility polymorphisms. 

Nevertheless, the effect size for any SNP on the phenotype is small due to the fact that 

potentially many other genes are regulating the same phenotype and are operating in an 

interactive strategy (Igo, Kinzy and Cooke Bailey, 2019). In this context, combining 

information from different obesity loci into genetic risk scores (GRSs) could be a 

convenient way to summarize risk-associated variations across the genome (Igo, Kinzy 

and Cooke Bailey, 2019). Generally, the GRSs may explain a considerable greater 

proportion of variation in the phenotype, than one of the SNPs individually. The simplest 

way to calculate a GRS is by summing the number of accumulated risk alleles associated 

with the disease. Using this approach, Li et al. (2010) created a GRS based on 12 BMI-

associated polymorphisms in a sample of 20,341 individuals of European descent (Li et 

al., 2010). Each additional risk allele was associated with increases of 0.15 kg/m2
 
in BMI, 

0.44 kg in body weight and 0.36 cm in waist circumference; and 10.8 % and 5.5 % 

increased risk of obesity and overweight, respectively. The GRS explained 0.9 % of the 

phenotypic variance in BMI with an area under the curve (AUC) of 0.57 for prediction of 

obesity. In a South Asian population, Ahmad et al. (2015) combined a total of 95 

polymorphisms in a GRS which was associated with 0.04 kg/m2 higher BMI and an odds 
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ratio for obesity of 1.02 per each BMI-raising allele (Ahmad et al., 2015). In this study, 

the GRS explain 1.54 % of BMI variation. Another approach to calculate a GRS is by 

effect-size weighting, under which risk alleles are weighted by the effect size reported 

for each locus in previous GWASs or meta-analysis of GWASs. In this sense, Belsky et 

al. (2013) performed a weighted GRS based on b coefficients derived from the GIANT 

Consortium or the DeCode BMI GWAS, reporting that the 32-locus GRS was significantly 

associated with BMI and obesity (Belsky et al., 2013).  

In 2021, a GRS with 21 significant SNP related to obesity was constructed in a European 

adolescent (HELENA study) for predicting genetic predisposition to overweight and 

obesity. Authors calculated an unweighted GRS (uGRS) (summing the number of risk 

alleles) and a weighted GRS (wGRS) (multiplying the risk alleles to each estimated 

coefficient). Both uGRS and wGRS were significantly associated with BMI and validated 

with an AUC of 0.72 for uGRS and 0.73 for wGRS. These results showed that GRSs 

could potentially be considered as useful genetic tools to evaluate individual 

predisposition to overweight and obesity.  

GRS can implicate genetic variants for the predisposition to obesity, but also can be 

calculated using genetic predisposition to weight loss. Different genetic variants and 

interactions with environmental factors can modulate different individual responses to 

hypocaloric diet, opening new strategies for optimizing personalized weight loss. For 

example, the study of Ramos-Lopez et al. (Ramos-Lopez et al., 2019) investigated the   

interplay   between  four GRSs constructed with weight loss-related SNPs and  

interactions  with  environmental  factors  in the modulation of  the  individual  responses  

to  two different types of dietary  interventions. According  to these results, greater  body  

fat  loss  was  reported  in  carriers  of  an  obesity  GRS  related  to  high  sensitivity  to  

changes  in  dietary  habits  or  exercise  in  a  large Korean cohort (Cha et al., 2018). 

However, to date few studies have evaluated the effect of GRSs on diet-induced weight 

loss. 

Cumulative evidence shows that GRS could potentially be considered as a useful tool in 

the evaluation, prevention and management of obesity (Miranda-Lora et al., 2021).  

4.2. Genetics and gut microbiota  

As previously mentioned, gut microbiota can be affected by several environmental 

factors, being diet a very crucial factor. However, the gut microbiota is also strongly 

linked with intrinsic factors such as host genetic components. Indeed, a new central 

question has focused on how microbiome composition is influenced by host genetics. 

Turnbaugh et al. (Turnbaugh et al., 2009) characterized fecal microbiota in 154 adult 

individuals comprising female monozygotic or dizygotic twins and their mothers, finding 



Introduction 

 22  

that gut microbiota was similar among family members. Goodrich et al. (Goodrich et al., 

2014) analyzed microbiota in 416 twin fecal samples obtained from the Twins UK 

population and results showed that microbial communities in monozygotic twins were 

more similar than those in dizygotic twins, indicating that gut microbial composition was 

influenced by host genetics. The study also revealed that the Lachnospiraceae, 

Ruminococcaceae and Bacteroidaceae families presented greater similarities between 

monozygotic twins than dizygotic twins.  

Davenport et al. (Davenport et al., 2015) applied a GWAS to investigate the fecal 

microbiome from a religious isolated group, the Hutterites, where the variations of 

environmental factors have less impact on individuals’ microbiomes. The study in 127 

participants demonstrated that the abundances of at least eight bacterial taxa were 

associated with host genome single nucleotide polymorphisms (SNPs).  

Goodrich et al. repeated the similar methodology increasing the sample size and finding 

a link between Bifidobacterium genus and LCT lactase gene (Goodrich et al., 2016). 

Also, Bonder et al. (Bonder et al., 2016) found association of a functional LCT SNP 

(rs4988235) with the Bifidobacterium genus abundance in the gut. In the study of Turpin 

et al. four loci were associated with gut bacterial members: rs62171178 (nearest gene 

UBR3) associated with Rikenellaceae, rs1394174 (CNTN6) associated with 

Faecalibacterium, rs59846192 (DMRTB1) associated with Lachnospira, and 

rs28473221 (SALL3) associated with Eubacterium in a healthy individuals cohort (Turpin 

et al., 2016).  

A recent study identified 42 SNPs that together explained 10 % of the variance of 

microbiome β-diversity (Wang et al., 2016).  

Also, bacteria can synthesize metabolites based on genetic composition (i.e., 

lipopolysaccharide (LPS), SCFAs and amyloids) or regulate host gene expression by 

using miRNAs (which silence the expression of target genes), showing that bacterial 

gene composition establishes a mutual relationship with the host.  

The explanations  of how  host  genetics  shapes  the  structure  of  the  gut  microbiome 

are scarce. Some proposals include immune functions, metabolism, energy regulation, 

gut motility, and adhesion interactions as the most expected genetics-dependent 

physiological phenomena that may impact the gut microbiota (Dąbrowska and 

Witkiewicz, 2016). 

 4.3.  Genetics and gut microbiota in the context of obesity 

The interplay between host genetics and the gut microbiome has been evidenced by 

several studies. This interrelationship could be important in the development of certain 

complex human diseases, showing that microbiome can be a mediator between host 
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genetics and phenotype. Thus, several studies have identified interactions between host 

genetics and the microbiota in relation to disease phenotypes (Bonder et al., 2016). For 

example, NOD2 and CARD9 risk alleles associated with inflammatory bowel disease 

only become manifest when triggered by the gut microbiome, indicating that genetic 

predisposition to diseases can depend on the microbiome (Alemao et al., 2020).  

In the context of obesity, Goodrich et al. reported one of the first link between gut 

microbiota, genetics and obesity. Christensenellaceae family was found as the most 

highly heritable taxon in this study. The heritability in this context is defined as the 

proportion of variation in gut bacteria abundance that is explained by host genetics. 

Subsequently, the heritability of Christensenellaceae was validated in Canadians of 

European descent and in Koreans. Interestingly, Christensenellaceae was found 

enriched in abundance in the microbiomes of low BMI individuals (Goodrich et al., 2017). 

Akkermansia genus also presented a correlation with a variant near PLD1,  a  gene  

related  to  body  mass  index  (Everard et al., 2013). Heritability analysis of the adiposity-

associated microbial groups prompted to assess host genetic-microbe interactions at 

obesity-associated human candidate loci. Significant associations of adiposity-bacteria 

abundances with host genetic variants in the FHIT, TDRG1 and ELAVL4 genes have 

been found, suggesting a potential role for host genes to mediate the link between the 

fecal microbiome and obesity (Beaumont et al., 2016).  

However, Rothschild et al. (2018) demonstrated that gut microbiome composition is 

shaped predominantly by environmental factors (Rothschild et al., 2018). Thus, although 

the number of studies in this regard is increasing, the extent to which human genetics 

conditions microbiome composition remains unclear.  

The importance of understanding host–microbe interactions is crucial to understand the 

person-specific host and microbiome relation that may be useful in the development of 

optimums obesity treatments for each individual. 

5. Metabolomics and gut microbiota  
The composition of gut microbiota determines the functional profile that present the 

microbial community. Consequently, metabolites derived from gut microbiota can have 

an impact on human health, especially participating in physiological process in the gut 

(Li et al., 2018). The metabolomics is an emerging technique to characterize and quantify 

all small molecules in biological samples to achieve comprehensive global monitoring of 

metabolites and their fluctuations. In this sense, the complete set of metabolites, known 

as the metabolome, is considered a direct signature of biochemical activity and thus, 

predictive of the phenotype. Despite the complexity to identify the distinctive small 
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molecules, these data will provide insights into the chemical intermediates that intercede 

in microbe-microbe and host-microbe interactions (Marcobal et al., 2013).  

Metabolomics led to understand the metabolic profiling, quantify compounds and 

characterize small molecules produced by gut microbes, which also exert an impact on 

the host. As previously mentioned, the gut microbiota exerts important metabolic 

functions, including vitamin and SCFAs production, amino acid synthesis, bile acid 

biotransformation, hydrolysis and fermentation of non-digestible substrates (Rowland et 

al., 2018). 

The gut microbiota, through metabolite production/fermentation, modulates signaling 

pathways involved in the homeostasis of intestinal mucosa. When a balanced interaction 

between GIT and the resident microbiota is disrupted, intestinal and extraintestinal 

diseases may occur (Zheng, 2020). 

Nowadays, metabolomics is applied to a wide range of fields including toxicology and 

drug development medicine, as well as in food science and nutrition. Through this 

approach, key biomarkers could be identified that make possible not only the early 

detection of the onset of a disease, but also the identification of a pre-disease state.  

 5.1.  Metabolomics, gut microbiota and body weight regulation  

A significant part of  the metabolites circulating in human blood are derived from the 

intestinal microbial community, some of which are important for the maintenance of the 

host’s metabolic homeostasis and regulating intestinal health (Man et al., 2020). Gut 

dysbiosis can alter gut microbiota composition and subsequently alter the metabolite 

profile, leading to many health issues. Thus, targeting gut microbiota and its derived-

metabolites might be a potential therapy for the treatment and prevention of metabolic 

disorders, such as obesity (Zheng, Liwinski and Elinav, 2020). 

The most studied microbial metabolites are SCFA (butyrate, acetate, and propionate). 

SCFAs are absorbed and may affect the metabolism of several organs (i.e., muscle, 

adipose, hepatic, and brain tissues). In comparison to lean individuals, obese and 

insulin-resistant subjects are characterized by an altered SCFA production. 

Elevated circulating branched-chain amino acids (BCAAs) and aromatic amino acids 

have been found in obesity, insulin resistance, and T2DM in animal models and humans. 

Prevotella copri and Bacteroides vulgatus were identified as the main species leading 

the association between biosynthesis of BCAAs and insulin resistance.  

Another well-known metabolite is trimethylamine N-oxide (TMAO). TMAO is a molecule 

derived from microbial metabolism as well as from food sources, and has been strongly 

related to cardiovascular risk (Sánchez-Alcoholado et al., 2020). Besides, there is a 

growing body of evidence supporting its contribution to impaired glucose homeostasis 
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and the development of fatty liver (Janeiro et al., 2018). Many other obesity-related 

metabolites have been identified by metabolomics techniques and demonstrated to be 

implicated in obesity. In 2010, Calvani et al. (Calvani et al., 2010) characterized the 

urinary metabolic profiles of morbidly obese subjects, identifying an obesity-associated 

metabolic phenotype which differed from that of lean controls. Gut microbiota–derived 

metabolites such as hippuric acid, trigonelline, 2-hydroxyisobutyrate, and xanthine were 

responsible for the discrimination.  

In this context, the levels of betaine, pyroglutamic acid, pipecolic acid, N-

phenylacetamide and uric acid were found significantly increased in obese subjects 

(Zhang, Sun and Wang, 2017). A study by Wang et al. examined changes in the serum 

metabolites in obese adults. Obese and normal-weight groups were clearly discriminated 

and nine major metabolites contributing to the discrimination were assigned, such as 

increased 2-octenoylcarnitine, eicosadienoic acid, thromboxane B2 and pyridinoline and 

decreased vitamin D3 glucosiduronate, etc (Wang et al., 2016). One study reported that 

major metabolic processes like fatty acid biosynthesis, phenylalanine metabolism, 

propanoate metabolism, and valine, leucine and isoleucine degradation were altered in 

abnormal obesity. Another study compared the patterns of visceral and subcutaneous 

adipose tissue-derived metabolites from non-obese and obese subjects. Higher released 

levels of glutamine and alanine were detected in the visceral-obese adipose tissue, 

whereas the visceral adipose tissue presented a diminished uptake of essential amino 

acids, branched-chain amino acids, leucine, and serine. This study showed that the 

obesity affects the amino acid metabolic signature of the adipose tissue before the 

clinical onset of the significant metabolic alterations (Piro et al., 2020).  

As mentioned before, after a weight loss intervention gut microbiota reshapes its 

composition. Thus, the gut microbiota functional profile can consequently be modified 

associated to the weight loss process.  

However, research on the metabolites that are related to change in BMI is limited. Most 

of them have been performed after bariatric surgery. These studies reported an increase 

of bile acid circulating pools and a decrease of ceramide levels, a decline in BCAA and 

the rise of circulating serine and glycine, mirroring glycaemic control and inflammation 

improvement (Tulipani, Palau-Rodriguez, et al., 2016) (Tulipani, Griffin, et al., 2016).  

After a dietary treatment, most of the studies have focused on the influence of dietary 

fibre on the gut microbiota and the associated fecal and serum metabolites in relation to 

metabolic markers of obesity (Mayengbam et al., 2019). At the end of a 12 week 

intervention, significant changes were observed in the levels of SCFAs and bile acids in 

the fibre intake group compared to controls.  
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Other gut-derived metabolites linked to insulin secretion include indolepropionic acid, 

which is a powerful anti-oxidant and has been hypothesized to have a direct effect on 

pancreatic beta cell function (Tuomainen et al., 2018). Hippurate has been correlated 

with changes in fasting glucose levels and in insulin secretion, which is also link to a 

healthy gut microbiome (Pallister et al., 2017).  

The study of Nogacka et al. found that a moderate diet-induced weight loss promoted 

shifts in the gut microbiota, and the primary fecal metabolomics features were associated 

with diet and the gut-liver and gut-brain axes. The most evident changes identified in the 

fecal metabolome relating to host health status after weight loss were related with the 

metabolism of bilirubin and catecholamines and their association with SCFA and the gut 

microbiota (Nogacka et al., 2021). 

Gut-derived metabolites have been shown to be the crucial signaling link underlying 

host–microbiome interactions. The integration of human microbiome and metabolome 

data to modify the composition of the gut microbiome towards a more favorable 

metabolic environment through dietary modulation is an attractive tool for positively 

regulating changes in weight. This combination is a challenge for nutritional 

interventions, to identify dietary biomarkers and for the development of personalized 

nutrition or medicine (Tebani and Bekri, 2019).
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1. Hypothesis  
The gut microbiota seems to be influenced by several factors, including the type of diet 

and host genetics. These factors affect the metabolism of the host and can be involved 

in the onset of obesity, as well as impact on weight loss process.  

 

In this research it was hypothesized that gut microbiota interacts with host genetics in 

the context of obesity and can be affected by dietary components such as UPF 

consumption. On the other hand, gut microbiota can change after weight loss and could 

be used for finding the most suitable type of weight loss diet.   

2. Objectives 
 

 2.1.  General objective  

The general aim of this research was to study factors related to gut microbiota in the 

context of obesity (host genetics, UPF consumption and weight loss interventions), as 

well as the role of gut microbiota as a predictor of the weight loss process. 

 2.2.  Specific objectives 

1. To review the evidences in the relationship between gut microbiota and obesity 

and factors that affect microbiota composition (Chapter 1) 

 

2. To analyze the possible interaction between gut microbiota and host genetics in 

body weight regulation, which could help to explain the interindividual differences 

between sexes in the development of obesity (Chapter 2). 

 

3. To study the effect of ultra-processed food (UPF) consumption on the microbiota 

composition (Chapter 3). 

 

4. To analyze changes in gut microbiota and the metabolomic profile after two 

different types of weight loss diets (Chapter 4). 

 

5. To identify interactions between metagenomic and genetic factors that could help 

to personalize the prescription of the most suitable type of weight loss diet 

(Chapter 5).
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All original researches were performed with the Obekit population.  

1. Obekit study  
The Obekit study (development of a nutrigenetic test for prescription of body weight loss 

personalized diets) is a 10-months randomized, longitudinal and controlled intervention 

trial to evaluate the response to two hypocaloric diets with different macronutrient 

composition based on the genetic background. This study was divided in two periods: 4 

months following one the type of diets and a maintenance period during 6 months in 

which subjects followed a normocaloric diet to maintain the weight loss.  

The Obekit study protocol was approved by the Research Ethics Committee of the 

University of Navarra (ref. 132/2015) and was registered at Clinical Trial under the 

number NCT02737267. The entire study was performed following the ethical guidelines 

of the Declaration of Helsinki (General Assembly of the World Medical Association, 

2004). Also, participants were asked to provide a written informed consent after they 

received an information sheet and additional verbal explanation of the protocol by the 

trained nutritionist.  

1.1. Study population 

The subjects were recruited from October 2015 to February 2017 in the Metabolic Unit 

of the Centre for Nutrition Research at the University of Navarra. The recruitment of the 

participants was carried out through a database from previous studies of the Metabolic 

Unit and local advertisements. The sample size was estimated in 200 volunteers in order 

to obtain a significant (p<0.05, 95 % confidence interval) difference in weight loss 

between groups of 2 kg with a statistical power of 80 % (ß= 0.20). The final sample size 

was fixed to 260 subjects taking into account a dropout rate of 30 %. The recruitment 

finally reached 353 volunteers. A total of 48 volunteers left the intervention before 

starting, obtaining 305 subjects for the dietary intervention. A control group of 67 normal 

weight subjects were also recruited (they did not receive any type of calorie restriction 

diet). Subjects were subsequently selected according to the objectives in each chapter 

of this work.  

The inclusion and exclusion criteria followed for the recruitment are described in table 3.  
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Table 3. Exclusion and inclusion criteria for the recruitment of participants in Obekit 

study.  

 
Inclusion criteria 
BMI >25 and < 40 kg/m2 
Normal physical examination and vital signs 
Individuals with chronic stable dose drug treatment must be assessed by the 

researchers 
Exclusion criteria 
BMI lower than 25 or higher than 40 kg/m2 

Pregnant women 
Women in breastfeeding period 

Type 1 diabetes patients 

Severe kidney diseases 

Electrolyte disorders 

Severe digestive diseases 

Acute cardiovascular diseases 

Cancer 
Anemia 

Behavioral eating disorders 

Recent prescription drug treatment 

Drug treatment that can influence weight loss 

Cognitive or psychic impairment 

Lack of commitment (at the discretion of the investigator) with the intervention, 

suspected non-compliance or difficulties to follow the study 

 

1.2. Dietary intervention  

Volunteers who met the inclusion criteria (n=305) were randomly assigned to one of the 

two hypocaloric diets using a specific logarithm designed for the study using MATLAB 

with stratified block randomization according to gender, age (18-40 and 41-70 years old), 

ethnicity (Caucasian or Hispanic) and BMI (overweight, BMI 25-29.9 kg/m2; or obesity, 

BMI> 30 kg/m2).  
The two types of diet consisted on a moderately high protein diet (MHP) (40 % of energy 

from carbohydrates, 30 % from protein and 30 % from fat) and a low fat diet (LF) ( 60 % 

of energy from carbohydrates, 18 % from protein and 22 % from fat). The two diets 

provided a 30 % restriction of the total energy expenditure estimated for each subject. 

No initial diets had less than 1200 kcal/day. Trained nutritionists designed both types of 

diets based on a food exchange system.  
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At the beginning of the intervention, energy requirements for each volunteer were 

calculated from resting energy expenditure, following the Mifflin formula (Mifflin et al., 

1990), multiplied by physical activity level calculated based on a short 24-h physical 

activity questionnaire. Participants were provided with a menu plan detailing the number 

of exchanges of each food group for each meal, the list of food exchanges and the 

structured daily meal plan for 2 weeks. All volunteers were instructed to weigh all the 

food they consumed and they received oral and written instructions by trained 

nutritionists. Participants were encouraged to maintain their usual physical activity (no 

physical activity program was planned in this project). During the study and in order to 

avoid confounding factors, volunteers were asked not to consume nutritional 

supplements with antioxidants, or herbal products based on compounds rich in 

polyphenols or natural antioxidants and phytochemicals, condiments or teas. A visual 

explanation of Obekit intervention is shown in figure 5. 

 

Figure 5. Visual scheme of the Obekit design. 

 

At the screening visit (Visit 0), it was assessed whether the individual truly met the 

inclusion criteria. If so, the volunteer had to attend to a total of 4 visits: visit 1 (day 0 -

baseline), a follow-up visit (visit 2 -day 56), a visit at the end of the nutritional intervention 

(visit 3 -day 112) and a final visit six months after the end of the dietary intervention to 

assess the maintenance of weight loss (visit 4 -day 292). 

A summary explanation of the planned visits for Obekit study is compiled in table 4. 

 

 
 

Maintenance 
period during 6 

months

DIET 1 MODERATELY HIGH PROTEIN DIET (40% CH, 30% Protein, 30% Fat)

DIET 2 LOW FAT DIET (60% CH, 18% Protein, 22% Fat)

Intervention period

Visit 1
(baseline)

Visit 2 
(Day 56)

Visit 3 
(Day 112- end 
of intervention

Screening
(Visit 0)

RANDOMIZATION

305 volunteers with 
overweigth or obesity + 67 volunteers with 

normal-weight
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Table 4. Structure and planned data collection in Obekit project.  

 
Procedure Visit Day (±2) 
Visit 0 (Day -7, screening): Clinical history, weight, height 

and signature of consent. Delivery of pedometer, urine and 

stool collection kits. Questionnaires about physical activity, 

anxiety and depression status (appendix 1), chronotype 

(morning and eveningness, appendix 2), satiety (VAS) and 

food frequency questionnaire (FFQ) were delivered to fill 

out at home and to be returned on visit 1. 

Screening 

visit 
-7 

Visit 1 (Day 0, baseline visit): Anthropometric 

assessment, blood pressure measurement, blood 

extraction, buccal smear for genotyping. Collection of urine 

and stool samples and completed questionnaires. 

Explanation of the assigned diet. Determination of body 

composition using DXA. A 72 hours dietary recall were 

given to the participants. 

Baseline 

visit 
0 

Visit 2 (Day 56, follow up visit): Weight control, waist and 

hip circumferences. Evaluation of adherence to the diet 

using the 72h recall questionnaire. Delivery of kits to 

collect urine and feces and questionnaries for the next 

visit.  

Follow-up 

visit 
56 

Visit 3 (Day 112, final visit): Anthropometric assessment, 

blood pressure measurement, blood extraction and 

completed questionnaires. Collection of pedometer, urine 

and stool samples. Delivery of the maintenance diet. 

Determination of body composition using DXA. 

End of the 

intervention 
112 

Visit 4 (Day 292, maintenance visit): Anthropometric 

assessment, blood pressure measurement, blood 

extraction and delivery of urine and completed 

questionnaires. 

Maintenance 

period 
292 

VAS: visual analogue scale used in satiety questionnaire 
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1.3. Data collection  

1.3.1. Anthropometric and body composition measurements (Chapters 2,3,4 and 

5) 

Anthropometric measurements and body composition were taken at the beginning (visit 

1), at the follow-up visit (visit 2), at the end of the intervention (visit 3) and at maintenance 

visit (visit 4) (Table 4). Measurements were taken in fasting conditions with the subjects 

in their underwear. Body weight was assessed using the TANITA BC-418 (Tanita, Tokyo, 

Japan) and height was measured with a wall-mounted stadiometer. BMI was calculated 

dividing weight in kg by the square of height in meters. Waist circumference was 

measured at the midway between the lower margin of the least rib and the top of iliac 

crest or according to the circumference at the level of the umbilicus if it was not possible 

to identify the least rib or the iliac crest. Hip circumference was assessed at the widest 

circumference over the greater buttocks. Waist and hip circumferences were taken by a 

stretchable tape measure.  

Body composition was also assessed by DXA scan (DXA Lunar Prodigy, GE Medical 

Systems, Madison, WI, USA). 

Blood pressure was measured using a validated automatic device (MIT Elite Plus, 

OMRON Healthcare, Hoofddorp, the Netherlands) as described by the manufacturer and 

following the standardized criteria of the World Health Organization and the International 

Society of Hypertension (Whitworth and Chalmers, 2004). At each visit, two readings 

were obtained with the elbow at the level of the right atrium and in sitting position, 

separate of at least 10 minutes. The average of the 2 measurements was used in the 

analysis.  

1.3.2. Dietary assessment (Chapters 2,3,4 and 5) 

Dietary habits at baseline were assessed by a validated semi-quantitative FFQ of 137 

food items and by a 72h weighed food recall (two weekdays and one weekend day). This 

FFQ was previously validated in Spain and included 137 food items with corresponding 

portion sizes as described elsewhere (Martín-Moreno et al., 1993). All enrolled 

participants were asked to provide information about the number of times they had 

consumed each food item during the previous year according to nine categories for 

consumption frequencies (ranging from never/almost never to >6 servings per day). Total 

energy (kcal) and macronutrient intakes (%) were determined with an ad hoc computer 

program that was specifically developed for this purpose, calculated as the sum of 

frequency of consumption multiplied by nutrient composition of a specified portion size 

available from valid Spanish food composition tables. Compliance to the recommended 

diet of the participants was conducted taking into account a 72 hours weighed food recall 
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at the 8th week and at the end of the intervention period (Schröder et al., 2001). Total 

energy intake and nutrient content were determined using Spanish food composition 

tables (Moreiras et al., 2013).  

1.3.3. Physical activity assessment (Chapters 2,3,4 and 5) 

Physical activity was evaluated applying a combination of methods: a validated physical 

activity questionnaire collected at the beginning and at the end of the intervention 

(Martínez-González et al., 2005), and a pedometer (HJ-321-E, OMRON Healthcare, 

Hoofddorp, the Netherlands) collected in each visit of the project. 

1.3.4. Blood samples (Chapters 2,3,4, and 5)  

At the beginning and at the end of the intervention, blood samples were drawn via 

venipuncture after 12 hours of overnight fast by the nurse. From each volunteer, we 

collected two tubes with anticoagulant EDTA for plasma extraction and two tubes without 

anticoagulant for serum. Tubes were centrifuged during 15 minutes at 4500 rpm, 

aliquoted and stored at –80 ºC. Serum samples were used for glucose, cholesterol, high-

density lipoprotein cholesterol (HDL-c), triglycerides, alanine aminotransferase (ALT), 

aspartate aminotransferase (AST), uric acid, insulin, thyroid-stimulating hormone (TSH) 

and tumor necrosis factor alpha (TNFα) determinations. Glucose, cholesterol, HDL-c, 

triglycerides, ALT, AST, uric acid (all of them from Horiba, Montpellier, France) were 

processed in an automatic analyzer (Pentra C200, HORIBA Medical, Madrid, Spain) 

following the instructions provided by the manufacturers. Plasma samples were used for 

leptin, adiponectin and CRP. Adiponectin (BioVendor, Brno, Czech Republic), insulin 

(Mercodia, Uppsala, Sweden), leptin (Mercodia, Uppsala, Sweden), CRP (Demeditec, 

Kiel, Germany), TSH (Demeditec, Kiel, Germany) and TNFα (R and D Systems, 

Minneapolis, MN, USA) were measured using specific enzyme-linked immunosorbent 

assays and read with an automated analyzer system (Triturus, Grifols, Barcelona, Spain) 

following the instructions provided by the manufacturers. HOMA-IR was calculated 

according to the following formula: fasting insulin (mU/mL) x fasting glucose 

(mg/dL))/405. The Friedewald formula was used to estimate low-density lipoprotein 

cholesterol (LDL-c) levels: LDL-c = Total Cholesterol – (HDL-c + (TG/5) (Friedewald, 

Levy and Fredrickson, 1972). 

1.3.5. Genotyping (Chapters 2 and 5) 

A total of 95 genetic variants related to obesity and weight loss as well as interactions 

with dietary prescriptions were analyzed after an exhaustive bibliographic review 

following PRISMA criteria (Goni et al., 2014; Goni et al., 2016; Heianza and Qi, 2017; 

Ramos-Lopez et al., 2017). Oral epithelium samples were collected with a liquid-based 
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kit (ORAcollect-DNA, OCR-100, DNA Genotek Inc, Ottawa, ON, Canada) at the 

beginning of the project. Genomic DNA was isolated using the Maxwell 16 Buccal Swab 

LEV DNA Purification Kit (Promega Corp, Madison, WI, USA). Genotyping was 

performed by targeted next generation sequencing on an Ion Torrent PGM equipment 

(Thermo Fisher Scientific Inc, Waltham, MA, USA) (Guo et al., 2016). Overall, the 

amplicon mean size was 185 bp. Library construction was carried out using the custom-

designed panel and the Ion AmpliSeq Library Kit 2.0 (Thermo Fisher Scientific) as per 

the manufacturer’s protocol. The raw data were processed with the Ion Torrent Suite 

Server Version 5.0.4 (Thermo Fisher Scientific Inc,Waltham, MA, USA) using Homo 

sapiens (genome assembly Hg 19) as the reference genome for the alignment. A 

custom-designed Bed file was used to locate the SNPs of interest. Variants were 

identified with the Torrent Variant Caller 5.0 (Thermo Fisher Scientific) with a minimum 

coverage value of 20. Genetic tests including Hardy-Weinberg equilibrium, linkage 

disequilibrium, and haplotype inferences were estimated using the Convert program 

(Version 1.31) and the Arlequin software (Version 3.0). Additional information about 

these SNPs can be found in supplementary material of Chapter 2. 

1.3.6. Fecal sample collection (Chapters 2,3,4 and 5)  

Volunteers self-collected fecal samples at baseline and at the end of the dietary 

intervention using OMNIgene.GUT kits from DNA Genotek (Ottawa, Canada), according 

to the standard guidelines provided by the supplier. Briefly, volunteers used a spatula to 

self-collect a small amount of fecal sample and transfer it into the top part of the tube 

until the sample fills it, close and shake. Then, samples were aliquoted and stored at -

80ºC. The isolation of DNA from fecal samples was performed with the QIAamp DNA kit 

(Qiagen. Hilden, Germany) following the manufacturer ́s protocol.  

1.3.7. Sequencing of metagenomic data (Chapters 2,3,4, and 5)  

Bacterial DNA sequencing was performed by the Servei de Genòmica i Bioinformàtica 

(Autonomous University of Barcelona, Barcelona, Spain). The Illumina 16S protocol was 

followed, which is based on the amplification of the V3-V4 variable regions of the 16S 

rRNA gene. Paired-end sequencing was performed in the MiSeq System (Illumina, San 

Diego, CA, USA). In the process, two PCR reactions were carried out. In the first one, 

12.5 ng of genomic DNA and the 16S-F and 16S-R primers were used (16S Amplicon 

PCR Forward Primer = 5’ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACG 

GGNGGCWGCAG; 16S Amplicon PCR Reverse Primer = 5’ GTCTCGTGGGCTCGGA 

GATGTGTATAAGAGACAGGACTACHVGGGTATCT AATCC). The protocol in this first 

PCR was 95ºC for 3 min and 25 cycles of: 95ºC for 30 s, 55ºC for 30 s, 72ºC for 30 s. 

Finally, 72ºC for 5 min and hold at 4ºC. Five microliters of the first PCR was used in the 
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second PCR, after the cleaning process. The primers used in this PCR were part of the 

Nextera® XT DNA Index Kit (96 indexes, 384 samples) FC-131-1002 (Illumina). The 

protocol for the second PCR was 95ºC for 3 min, 8 cycles of: 95ºC for 30 s, 55ºC for 30 

s, 72ºC for 30 s. Finally, 72ºC for 5 min and hold at 4ºC. After each PCR, the quality of 

the process was checked in a Labchip Bioanalyzer (Agilent Technologies Inc, Santa 

Clara, CA, USA). Once all the samples were obtained, up to 40 samples were 

multiplexed in each run of 2 x 300 cycles. For this purpose, equimolar concentrations of 

each of the samples were mixed and the pool diluted up to 20 pM. A total of 3 runs were 

performed on the MiSeq sequencer with the MiSeq® Reagent Kit v3 (600 cycle) MS-

102-3003. Negative controls were always used and included in each run. Samples were 

randomized by sex, age and category of obesity/no obesity in order to avoid the batch 

effect. Adapters and barcodes were removed following the standard Illumina methods. 

Those samples that correspond to libraries with less than 40,000 good quality reads were 

discarded. The 16S rRNA sequences were trimmed and filtered following quality criteria 

of the processing pipeline LotuS (release 1.58) for MiSeq sequencer, as shown in the 

supplementary file (Hildebrand et al., 2014b). The sequences that do not meet an 

average quality higher than Q27 were filtered and trimmed to the same length (170 bp) 

and shorter reads were discarded. This pipeline includes UPARSE de novo sequence 

clustering and removal of chimeric sequences and phix contaminants for the 

identification of Operational Taxonomic Units (OTUs) and their abundance matrix 

generation (Edgar, 2013, 2016; Hildebrand et al., 2014a). OTU refers to organisms 

clustered by similarities in DNA sequence, with a sequence similarity threshold of 97 % 
in this case (Rideout et al., 2014). Finally, taxonomy was assigned using BLAST and 

HITdb, a reference database for human intestinal 16S rRNA sequences, achieving up to 

species-level sensitivity (Ritari et al., 2015). Richness indices, diversity and non-metric 

multidimensional scaling (NMDS) of the OTU matrix based on the Bray-Curtis distance 

were calculated using raw counts and phyloseq R package (McMurdie and Holmes, 

2013). The abundance matrices were then filtered and normalized in R/Bioconductor at 

each classification level: OTU, species, genus, family, order, class and phylum 
(Gentleman et al., 2004). All sequencing data have been submitted to the NCBI SRA 

repository under the accession number PRJNA623853. 

1.3.8. Genetic risk score (Chapter 2)  

The construction of the GRS was based on 95 genotyped SNPs previously associated 

with obesity in published literature. Additional information about these obesity-related 

SPNs can be found in previous reports of our group (Ramos-Lopez et al., 2019). Kruskal-

Wallis tests were performed to identify SNPs statistically or marginally associated with 
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baseline BMI (absence of allele, presence of one allele or presence of two alleles), 

obtaining 17 SNPs with a p-value lower than 0.20. Post hoc tests were run to define 

these differences as risk and non-risk variants. A risk genotype was defined as the one 

that was associated with higher values of BMI. Genotypes with similar effects were 

clustered in a single category. Then, Mann-Whitney U test was applied to confirm 

statistical differences between the categorized genotype groups (risk vs. non-risk), 

selecting those SNPs showing at least a marginal statistical trend (p < 0.10) and 

excluding low frequency in both groups (<10 %). The GRS was calculated summing the 

number of risk alleles at each locus (Ramos-lopez, Riezu-boj and Milagro, 2019).  

1.3.9. Metabolomic analysis (Chapter 3)  

Metabolomic analyses were performed using plasma samples. Samples were vortexed 

after thawing. 450 μL of methanol (grade LC–MS, Scharlab, Sentemant, Spain) was 

added to a 150 μL aliquot of plasma. The mixture was vigorously vortexed and 

centrifuged. The supernatant was collected, evaporated under nitrogen flux 

(Turvovap LV, Caliper LifeSciences, Waltham, MA), recovered in 150 μL 95 % MeOH:5 

% H2O (v:v) and analyzed in an Agilent Technologies 1200 liquid chromatographic 

system equipped with a mass detector Time Of Flight 6220 Accurate-Mass (LC–MS), 

operated in positive electrospray ionization mode (ESI +) and negative mode (ESI-) 

controlled by MassHunter Workstation 06.00 software (Agilent Technologies, Santa 

Clara, CA). The stationary phase used was a Zorbax SB-C18 (15 cm   0.46 cm; 5 μm) 

column. The mobile phase consisted of 0.1 % formic acid in water (A) and 0.1 % formic 

acid in methanol (B). The gradient elution was 0 % B, 0–5 min; 0–100 % B, 5–20 min; 

100 % B, 20–25 min; 100–0 % B, 25–30 min. After the analyses, the column was re-

equilibrated for 2 min at 0 % B. The injection volume was 15 μL and the flow rate was 

0.5 mL min−1. Chromatography was performed at 40ºC. The ESI conditions were as 

follows: gas temperature, 350ºC; drying gas, 10 L min−1; nebulizer, 45 psig; capillary 

voltage, 3500 V; fragmentor, 175 V; and skimmer, 65 V. The instrument was set out to 

acquire over the m/z range 100–2000 with an acquisition rate of 1.03 spectra per second. 

To evaluate the quality in this analysis, three types of quality control samples were used: 

(i) column test prepared with uridine (U3750), nicotinic acid (72,309), l-tryptophan 

(T0254), hippuric acid (11,203) and R-( +)-raffinose pentahydrate (R0250) at a 

concentration of 100 mg/L, (ii) pool plasma prepared by mixing equal volumes from each 

of the samples, (iii) pool spiked plasma prepared by mixing pool plasma with l-alanine 

(A7627), glycine (G7126), l-phenylalanine (78,019), citric acid (C0759), l-glutamic acid 

(G1251), caffeine (C0750) and l-leucine (L8000). All of them were provided by Sigma, 

San Louis, United States. The analytical procedure has been previously described 
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(Aranaz et al., 2017). LC–MS data were analyzed using XCMS Online software 

(https://xcmso nline .scrip ps.edu) to detect and align features (Tautenhahn et al., 2012). 

The alignment used a 0.2 min-retention time and a 5 mDa-mass tolerance window. 

According to the comparison groups, a list of features characterized by a mass-to-charge 

(m/z) ratio and retention time was obtained. A feature was associated with a metabolite 

if the difference between the theoretical m/z ratio (Isotope Distribution Calculator, Agilent 

Technologies, Santa Clara, CA) and the observed m/z ratio was less than 50 mDa. The 

significant metabolites were those whose difference between the beginning and the end 

of the intervention presented p value < 0.05 in Kruskal–Wallis analysis. Finally, some of 

these significant metabolites were unequivocally identified using commercial standards. 

Commercial standards were spiked on pool plasma and were processed and analyzed 

in identical conditions of samples. Identification was carried out by comparing the 

retention time obtained for standards and samples.  

1.3.10.  Ultraprocessed food consumption  

All items from FFQ were classified according to the NOVA system, a food classification 

based on the nature, extent, and purpose of industrial processing. Classification in the 

NOVA system corresponds to: 1. ‘unprocessed/minimally processed foods’ (fruits, 

vegetables, eggs, milk, meat, etc.); 2. substances extracted from group 1, which are 

processed using culinary ingredients (salt, oil, sugar, etc.); 3. processed foods made by 

adding processed culinary ingredients to minimally processed food (such as fruit in syrup 

or cheese); and 4. UPFs, which are defined as industrial formulations of food-derived 

substances (oils, fats, sugars, modified starch, protein isolates) that include little or no 

whole food and often with flavorings, colorings, emulsifiers, and other cosmetic additives 

(e.g., sweet and savory packaged snacks, chocolate snacks and candies, mass-

produced packaged buns, cookies, industrially produced cakes, breakfast “cereals”, 

ready-to-heat or pre-fried products, instant soups, industrial pizza, sausages or 

hamburgers) (Monteiro et al., 2019). The sum of total consumed UPFs was calculated 

using the frequency of UPF items consumption per person (servings per day) (Ojeda-

Rodríguez et al., 2020). 

2. Statistical analyses 
The normality of the variables was assessed using the Saphiro-Wilk test. Baseline 

characteristics of the study population are expressed as mean ± SEM or mean ± SD for 

numerical variables and percentages for categorical variables. Differences were 

evaluated by t-test or Mann–Whitney test according to the distribution of data.  

Alpha diversity was analyzed using Shannon and Chao1 indexes and Beta diversity 

using Bray Curtis index and PERMANOVA test.  
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In chapter 2, Linear discriminant analysis (LDA) effect size (LEfSe), Canonical 

Correspondence Analysis, zero-inflated Gaussian (metagenomeSeq) and Random 

Forest were performed for finding association between bacterial families with BMI and 

GRS. Receiver Operating Characteristic curve (ROC) was performed to validate the 

results. Potential interactions were investigated with general linear regression models 

that introduced the corresponding interaction terms into the models (adjusted for age, 

sex, physical exercise and total energy intake).  

In chapter 3, alpha diversity was analyzed using non-parametric test (Mann Whitney 

test).  

Microbiota differences between UPFs consumer groups were assessed by EdgeR 

(Empirical analysis for Digital Gene Expression in R), corrected using false discovery 

rate (FDR). Spearman correlation were performed for studying the association between 

bacterial taxa and specific groups of UPFs, using tertiles of consumption.  

In chapter 4, alpha diversity was analyzed using paired non-parametric test (Wilcoxon 

test). Statistical differences in microbiota abundances between before and after 

intervention in each group were assessed through EdgeR. FDR correction method for 

multiple comparisons was applied. Results were confirmed using paired classical 

methods (Wilcoxon test). Computational prediction of the microbiota functional profile 

was performed using Tax-4fun tool from MicrobiomeAnalyst (Dhariwal et al., 2017). 

KEGG Orthologus (KOs) provided by Tax4Fun was comparatively analyzed using 

MetagenomeSeq statistical analysis. KO-related metabolites which were significantly 

altered were analyzed in the plasma samples through metabolomics. These significant 

metabolites were unequivocally identified using commercial standards, if possible. 

In chapter 5, microbiota scores were approached from baseline microbiota data. Four 

microbiota subscores, one for each combination of sex and type of diet (MHP-women, 

LF-women, MHP-men, and LF-men), were generated following four steps: (1) a variable 

selection procedure for obtaining the best families, genera and species related to BMI 

loss percentage, made through multiple linear regression using the Furnival-Wilson 

leaps-and-bounds algorithm, (Lindsey, 2014); (2) a bootstrap stepwise multiple linear 

regression model using the best combination of microbiota variables provided in the 

previous step (Garrett, 2000); (3) evaluation of the relationship between pre-selected 

bacterial taxa with BMI loss percentage in each type of diet using fit plot graphs; (4) a 

multiple linear regression model was built using BMI loss percentage after treatment as 

dependent variable and the taxa selected in the third step for each combination of sex 

and type of diet. The subscores were calculated by adding the percentage values of each 

taxa multiplied by its corresponding beta value from the previous regression models. 

Two different total microbiota scores for women and men were obtained doing a 
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subtraction of the score for each type of diet. Finally, linear mixed models were 

implemented to predict BMI loss according to two total microbiota scores (one for each 

sex), the total genetic score, and the interactions with the diet. An interaction term 

between total microbiota score and genetic score with diet was purposely sought in order 

to select the best type of diet for weight loss. Age and baseline energy intake were used 

as adjusting variables. Subjects were considered as random effects. 

 
Methodology summary  
A summary of the experimental approaches followed in each chapter of the present is 

represented in figure 6, showing the subjects and the statistical methods used.    
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Obtaining Gut Microbiota Data 

 
 
BMI: Body Mass Index; CCA: Canonical Correspondence Analysis; EdgeR: Empirical analysis for Digital Gene Expression 
in R FFQ: Food Frequency Questionnaire; GRS: Genetic Risk Score; LEfSe: Linear Discriminant Analysis Effect Size; LF: 
Low Fat; MHP: Moderately High Protein; SNP: Single Nucleotide Polymorphism; UPF: ultra-processed food.  
NA: not applicable.  
Image made using BioRender (https://app.biorender.com/biorender-templates). 
 

 
Figure 6. Summary scheme of the methodology followed in each chapter . 
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Abstract: The gut microbiome has been recognized as a t oo! for understanding adiposity 
accumulahon and for providing personalized nutrihon advice for the management of obesity 
and accompanying metabolic complications. The genetic background is also involved in human 
energy homeostasis. In order to increase the value of nutrigenetic dieta ry advice, the interplay 
between genehcs and rnicrobiota must be investigated. The purpose of the present study was to 
evaluate interachve associahons between gut microbiota composition and 95 obesity-related single 
nucleotide polymorphisms (SNPs) searched in the literature. Oral mucosa and fecal samples from 360 
normal weight, overweight and obese subjects were collected. Next generation genotyping of these 
95 SNPs and fecal 16S rRNA sequencing were performed. A genetic risk score (GRS) was constructed 

with 10 SNPs statistically or marginally associated w ith body mass index (BMI). Severa! rnicrobiome 
statistical analyses at family taxonornic leve! were applied (LEfSe, Canonical Correspondence Analysis, 
MetagenomeSeq and Random Forest), and Prevotellaceae family was found in all of them as one 
of the most irnportant bacteria! families associated w ith BMI and GRS. Thus, in this family it was 
further analyzed the interactive association between BMI and G RS w ith linear regression models. 
Interestingly, women w ith higher abundance of Prevote llaceae and higher GRS were more obese, 
compared to women w ith higher GRS and lower abundance of Prevotellaceae. These findings suggest 
relevant interrelationships between Prevotellaceae and the genetic background tha t may determine 
interindiv idual BMI differences in women, which opens the way to new p recision nutrihon-based 
treatments for obesity. 

Keywords: genetic risk score; gut rnicrobiome; obesity; nutrigenetics; metagenomics 

l. Introduction 

Obesity prevalence is rising dramatically around the world, which is associated with important 
public health burdens (1,2]. In this context, it has been la rgely demonstrated that obese subjects have 
a different gut microbiota composiho n than lean subjects [3]. Genome-wide association stud ies in 
humans [4,5] have identified multiple loci that contribute to obesity and its associated metabolic 
abnormalities. A major challenge in the field is deciphering how host genetics and gut microbiome 
interact and the role of this interplay in the context of obesity [6]. Several quanhtative trait locus 
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analyses in mice have recognized genetic regions associated with the abundance of several bacterial 
taxa and community structure [7). Genome-wide association studies in human twins have already 
identified heritable bacterial taxa and single nucleotide polymorphisms (SNPs) associated w ith specific 
gut microbes. In fact, gut microbiomes of monozygotic twins have been reported to be more similar 
than those of dizygotic twins, suggesting a potential association between genetic background and gut 
microbiome components [8,9). In addition, sorne trials in mice revealed that the removal of most of the 
gut microbiota with broad-spectrum antib iotics effectively reduced the development of adiposity in 
genetically obese mice, showing that these two factors are interp laying in the development of obesity 
d isease [4,5). Further research in humans have described that sorne SNPs are associated w ith the 
abundance of specific microbial taxa. For example, human variants near the lactase gene have been 
linked w ith the abundance of Bifidobacteria [10,11), while the genus Akkermansia has been associated 
with a variant near a gene (PLD1) that has been previously imp licated in body mass index (BMI) [12). 
In addition, certain fundamental aspects of metabolic homeostasis are regulated differently in males 
and females [13). Interestingly, sorne studies have recently found that gut microbiota composition may 
differ between sexes and that these differences may be influenced by the severity of obesity [14,15). 

Although sorne studies have showed that sorne gene variants (such as FTO) [5] are associated 
w ith the abundance of certain bacterial taxa, very few individual microbe-polymorphism associations 
have been identified that have reached genome-wide significance. Consequently, the role of gut 
microbiota in genetically p redisposed obesity in humans has not been adequately characterized so 
far [16). To determine the relative inlpact of these obesity factors, their h ierarchy and interactions is 
a challenging task. The understanding of the complex network of factors related to obesity, such as 
host genetic and gut microbiome, could be the key for designing new strategies targeted to achieve 
a personalized nutrition for obesity patients based on genetic background and gut microbiome 
composition [17). 

The current study aimed to provide novel data and characterize potential interactive associations 
between the gut microbiome and the human host genetics in rela tion to BMI as a marker of adiposity, 
as well as the eventual role of sex in this interplay. 

2. Materials and Methods 

2.1. Study Participants 

The current prospective study encompassed baseline data of 296 Spanish subjects from the OBEKIT 
study (reg. No. NCT02737267, clinicaltrials.gov), who were recruited for a weight loss nutritional 
intervention at the Center for Nutrition Research of the University of Navarra in the city of Pamplona 
(Navarra, Spain) as well as 64 normal weight subjects as a control group. All participants self-reported 
Caucasian ethnicity. The major exclusion criteria were a previous history of cardiovascular d isease, 
diabetes mellitus, and hypertension; women who were pregnant or lacta ting; reports of weight change 
w ithin the 3 m onths before the study; and medication use for weight control and hyperlip idemia 
management. All research p rocedures were implemented in accordance with the ethical principies of 
the 2013 Declaration of Helsinki [18). All participants voluntarily provided written informed consent 
before entry into the study. The study protocol was approved by the Research Ethics Committee of the 
University of Navarra on March 2016 (Ref. 132/2015). 

2.2. Anthropometric Measurements 

Anthropometric measurements, including weight, height, waist and hip circumference, were 
collected at the beginning of the study by trained nutritionists using conventional validated 
procedures (19). BMI was calculated as the ratio between body weight and squared height (kgfm2 ) and 
the BMI classification criteria was following according to the World Health Organization (normalweight 
BMI < 24.9 kg/m2; overweight BMI < 29.9 kg/m2; obese BMI > 30 kg/m2) [20). The percentage of 
body fat was assessed by bioelectrical impedance using the BC-418 Segmental Body Composition 
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Analyzer (Tanita, Tokyo, Japan). Both systolic and d iastolic blood p ressures were measured w ith 
a sphygmomanometer using the standardized criteria of the World Health Organization and the 
International Society of Hypertension [21]. 

2.3. Habitual Dietary Intake and Physical Activity 

Habitual dietary intake at baseline was coliected w ith a validated food frequency questionnaire 
that included 137 food items with corresponding portion sizes as described elsewhere [22]. Ali enrolied 
participants were asked to provide information about the number of times they had consumed each 

food itero during the p revious year according to four frequency categories: daily, weekly, monthly, 
or never. Total energy (kcal) and macronutrient intakes (%) were determined with an ad hoc computer 
program that was specificaliy developed for this purpose, by calculating it as the sum of frequency 
of consumption multiplied by nutrien t composition of a specified portion size available from valid 
Spanish food composition tables [23,24]. Physical activ ity at baseline was estimated using a p reviously 
validated 17-item questionnaire expressed in metabolic equivalents (METS), as detailed elsewhere [25]. 

2.4. Biochemical Measurements 

Venous blood samples were drawn by venipuncture after a 12 h overnight fast in a clinical 
setting. Blood tests were conducted with an automatized analyzer Pentra C200 and suitable kits were 
provided by the company (HORIBA Medica!, Madrid, Spain). The foliowing biochemical markers 
were assessed in the blood samples: glucose, total cholesterol, high-density lipoprotein cholesterol 
(HDL-c), triglycerides, alanine-aminotransferase (ALT), aspartate-aminotransferase (AST) and uric 
acid. Low-density lipoprotein cholesterol (LDL-c) was estimated using the Friedewald equation 
(LDL-c=TC-HDL-c-triglycerides/5) [26]. Homeostatic model assessment for insulin resistance 
(HOMA-IR) was calculated using fasting insulin and glucose concentrations [27]. Adiponectin, 
insulin, leptin, C-reactive protein (CRP), thyroid-stimulating hormone (TSH) and tumor necrosis factor 
alpha (TNFcx) were measured using specific enzyme-linked immunosorbent assays and read w ith an 
automated analyzer system (Triturus, Grifols, Barcelona, Spain). The foliowing kits were used: insulin 
(Mercodia, Uppsala, Sweden), TNFcx(R&D Systems, Minneapolis, MN, USA), CRP (Demeditec, Kiel, 
Germany), adiponectin (BioVendor, Bmo, Czech Republic), leptin (Mercodia, Uppsala, Sweden), TSH 
(Demeditec, Kiel, Germany) foliowing the instructions provided by the manufacturers. 

2.5. Fecal Sample Col/ection and Metagenomic Data 

Volunteers self-coliected fecal samples at baseline using OMNigene.GUT kits from DNA Genotek 
(Ottawa, ON, Canada), according to the standard guidelines p rovided by the supplier. The isolation 
of DNA from fecal samples was perforrned with the QIAamp® DNA kit (Qiagen, Hilden, Germany) 
foliowing the manufacturer's protocol. Bacteria! DNA sequencing was performed by the Servei de 
Genómica i Bioinformatica (Autonomous University of Barcelona, Barcelona, Spain). The Illumina 
16S protocol was followed, which is based on the amplification of the V3-V4 variable regions 
of the 16S rRNA gene. Paired-end sequencing was performed in the MiSeq System (Illumina, 
San Diego, CA, USA). In the p rocess, two PCR reactions were carried out. In the first one, 12.5 ng of 
genomic DNA and the 16S-F and 165-R primers were used (16S Amplicon PCR Forward Primer =5' 
TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG; 16S Amplicon PCR 
Reverse Primer = 5' GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCT 
AATCC). The protocol in this first PCR was 95 ºC for 3 min and 25 cycles of: 95 ºC for 30 s, 55 ºC 
for 30 s, 72 ºC for 30 s. Finaliy, 72 º C for 5 min and hold at 4 ºC. Five microliters of the first PCR 
was used in the second PCR, after the cleaning process. The primers used in this PCR were part of 
the Nextera® XT DNA Index Kit (96 indexes, 384 samples) FC-131-1002 (Illumina). The protocol 
for the second PCR was 95 ºC for 3 min, 8 cycles of: 95 ºC for 30 s, 55 ºC for 30 s, 72 º C for 30 s. 
Finally, 72 ºC for 5 min and hold at 4 ºC. After each PCR, the quality of the process was checked in 
a Labchip Bioanalyzer (Agilent Technologies Inc, Santa Clara, CA, USA). Once ali the samples were 
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obtained, up to 40 sarnples were multiplexed in each run of 2 x 300 cycles. For this purpose, equimolar 
concentrations of each of the samples were mixed and the pool diluted up to 20 pM. A total of 3 runs 
were performed on the MiSeq sequencer with the MiSeq® Reagent Kit v3 (600 cycle) MS-102-3003. 
Negative controls were always used and included in each run. Sarnples were randomized by sex, age 
and category of obesity/no obesity in order to avoid the batch effect. Adapters and barcodes were 
removed following the standard Illumina methods. The maximum of reads obtained was 3,986,821 and 
the mínimum 102 (mean= 257,499.8; SD = 268,612.5). Those sarnples that correspond to good quality 
readings not obtained ata sequence depth of 40,000 readings were discarded. In total, 4 samples of 
a total of 364 sequenced samples (1.1 %) were removed, resulting 360 samples. Resequencing was 
performed but the required depth was not obtained. The 16S rRNA sequences were trimmed and 
filtered following quality criteria of the processing pipeline LotuS (release 1.58) for MiSeq sequencer, 
as shown in the supplementary file [28]. The pararneters recommended by LotuS ha ve been used for 
sequencing with MiSeq. The sequences that do not meet an average quality higher than Q27 were 
filtered and trirnmed for those reads (20 bp) with a quality lower than Q25. The final sequences less than 
170 bps were discarded, obtaining the same length (170 bps). This pipeline includes UPARSE de novo 
sequence clustering and removal of chimeric sequences and phix contaminants for the identification 
of Operational Taxonomic Units (OTUs) and their abundance matrix generation [28-30]. OTU refers 
to organisms clustered by similarities in DNA sequence, with a sequence similarity threshold of 97% 
in this case [31]. Finally, taxonomy was assigned using BLAST and HITdb, a reference database 
for human intestinal 16S rRNA sequences, achieving up to species-level sensitivity [32]. Richness 
indices, diversity and non-metric multidimensional scaling (NMDS) of the OTU matrix based on the 
Bray-Curtis distance were calculated using raw counts and phyloseq R package [33]. The abundance 
matrices were then filtered and normalized in R/Bioconductor at each classification leve!: OTU, species, 
genus, farnily, order, class and phylum [34]. All sequencing data have been submitted to the NCBI 
SRA repository under the accession number PRJNA623853. 

2.6. SNP Se/ection and Genotyping 

A total of 95 genetic variants related to obesity and weight loss as well as interactions with 
dietary prescriptions were analyzed after an exhaustive bibliographic review following PRISMA 
criteria [35- 38], whose genomic characteristics are presented. Oral epithelium samples were collected 
with a liquid-based kit (ORAcollect-DNA, OCR-100, DNA Genotek Inc, Ottawa, ON, Canada). 
Genomic DNA was isolated using the Maxwell® 16 Buccal Swab LEV DNA Purification Kit (Promega 
Corp, Madison, WI, USA). Genotyping was performed by targeted next generation sequencing on 
Ion Torrent PGM equipment (Thermo Fisher Scientific Inc, Waltham, MA, USA) (39], as described 
elsewhere [40,41]. Overall, the amplicon mean size was 185 bp. Library construction was carried out 
using the custom-designed panel and the Ion AmpliSeq Library Kit 2.0 (Thermo Fisher Scientific) as per 
the manufacturer's protocol. The raw data were processed with the Ion Torrent Suite Server Version 
5.0.4 (Thermo Fisher Scientific Inc, Waltham, MA, USA) using Horno sapiens (genome assembly Hg 
19) as the reference genome for the alignment. A custom-designed Bed file was used to loca te the 
SNPs of interf'St. Variants were identified with the Torrent Variant Caller S.O (Thermo Fisher Sc:ientific:) 

with a mínimum coverage value of 20. Genetic tests íncluding Hardy-Weinberg equilibrium, linkage 
disequilibrium, and haplotype inferences were estimated using the Convert program (Version 1.31) 
and the Arlequin software (Version 3.0). 

2.7. Genetic Risk Score (GRS) 

The construction of the GRS was based on 95 SNPs previously associated with obesity in published 
literature. Additional information about these obesity-related SPNs can be found in previously 
reports (42] and Table Sl in supplementary materials. In order to confirm the association of these 
SNPs with BMI in Obekit population, the following steps were carried out. Firstly, Kruskal-Wallis tests 
were performed to identify SNPs statistically or marginally associated with baseline BMI (absence of 
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allele, presence of one allele or presence of two alleles) in our samples, obtaining a total of 17 SNPs 
with a p value lower than 0.20. Secondly, post hoc tests (Mann-Whitney U test pairwise) were run to 
define differences between genotypes in order to be differentially coded as risk and non-risk groups in 
these 17 SNPs. A risk genotype was defined as the one that was associated w ith higher values of BMI. 
Genotypes with similar effects were clustered in a single category. In a third step, Mann-Whitney U 
test was applied to confirm statistical differences between the categorized genotype groups (risk vs. 
non-risk), selecting those SNPs showing at least a marginal statistical trend (p < 0.10) and excluding 
those w ith low sample (<10%) in either category or due to collinearity. To evaluate the combined 
effects of the p reviously selected SNPs on baseline BMl, the GRS was calculated by summing of the 
number of risk alleles at each locus [43], meaning that, e.g., an individual with 6 points has risk alleles 
for 6 out of the 10 SNPs included in this GRS. 

2.8. Statistical Analyses 

Results were expressed as means ±standard error of the mean (quantitative variables) andas 
numbers and percentages (qualitative variables). The normality of analyzed variables was screened 
with the Shapiro-Wilk test. Statistical differences in baseline characteristics between men and women 
and between normal weight and overweight+obese participants were assessed by Student's t-test or 
Wilcoxon rank-sum test depending on the distribution of data. 

Population was d ivided into two groups of BMI (normalweight and overweight+obese) according 
to the World Health Organization criteria [20] and two groups of GRS (high and low genetic risk 
score split accord ing to the mean of the population in order to obtain a similar number of subjects 
in each group for the statistical analyses). Linear d iscrirninant analysis (LDA) effect size (LEfSe) 

(http://huttenhower.sph.harvard.edu/galaxy/) was used to compare groups and visualize the results 
using taxonomic bar charts. Zero-inflated Gaussian (metagenomeSeq) analysis was for finding 
families that differed significantly in abundance between normal-weight and obese subjects, using the 
cumulative sum scaling (CSS) normalization (https://www.microbiomeanalyst.ca/). Random forest, 
an ensemble learning method for classification and regression, was used to rank the importance of 
predictive variables related to BMI and GRS, using R 3.5.3 (https://www.R-project.org/) and Receiver 
Operating Characteristic curve (ROC) was performed to validate the random forest results (Figure Sl , 
Supplementary material) [44]. Each input (feature) in random forest was given an importance score 
(MOA: mean decrease accuracy) based on the increase in error caused by removing that feature 
from the p redictors. Random forest uses 500 trees and about two-third of the samples in the dataset 
as training set by randomly sampling w ith replacement and validates the selected features using 
the remaining "out-of-bag" samples. Thus, 70% of the samples were randornly chosen to train the 
classifier, and the remaining samples were used for validation. Canonical correspondence analysis were 
conducted by PAST 4 (https://folk.uio.no/oharnmer/past/ ). Also, batch effect of samples was analyzed 
by principal component analysis based on Euclidean distances (Figure S2, Supplementary materials). 
Potential interactions between Prevotellaceae family and BMl were investigated w ith general linear 
regression models that introduced the corresponding interaction terms into the models, which were 
adjusted for age, sex, physical exercise and total energy intake using Sta ta 12. (StataCorp LLC, College 
Station, TX, USA; http://www.stata.com). The microbial data normalization was performed accordingly 
to the type of analysis. A p value of <O.OS was considered statistically significant. 

3. Results 

3.1 . Base/ine Characteristics of tire Study Population 

Baseline characteristics of the participants, separated by sex and by weight status, including age, 
anthropometric measures, and b iochemical, dietary and clinical determinations are shown in Table l. 
According to the BMI classification criteria of the World Health Organization, 18% (n = 64) of individuals 
were normal weight, 30% (n = 110) overweight and 52% (n = 186) obese [20]. Anthropometric variables 
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were statistically different between normalweight men and women, except hip circumference. When 
comparing overweight+obese separating by sexes, ali anthropometric variables were significantly 
different with the exception that BMI and dietary variables were statistically different, except fat intake. 
Sorne biochemical measurements such as total cholesterol, TSH and TNFcx showed a difference between 
sexes in both groups. Also, physical exercise was influenced by sex, and was h igher in men. 

Table l . Baseline characteristics of the entire population and separated by sex or weight status. Values 

correspond to the mean ± SEM. 

Ali BMI< BMI< BMI > 25 BMI ~ 25 

Variables Population 
24.9 kg/m2 24.9 kg/m2 

p Value ª 
kg/m2 kg/m2 

p Value b 
Women Men Women Men 

(11 = 360) 
(n = 46) (n = 18) (n = 205) (11 = 91) 

Age(y) 44.8 ± 0.5 39.1 ± 1.3 41.5 ±2.5 0.751 45.8 ± 0.7 46.3 ± 1.0 0.628 
Weight (kg) 83.l ± 0.8 57.8 ± 0.9 71.9 ± 1.9 <0.001 83.6 ± 0.8 97.1 ± 1.2 <0.001 
BMI (kg!m2 ) 29.9 ± 0.2 21.7 ± 0.3 23.0 ± 0.3 0.009 31.6 ± 0.3 31.7 ± 0.3 0.694 

Waist circumference (cm) 97.4 ± 0.8 73.l ± 0.9 82.l ± 1.4 <0.001 99.5 ± 0.7 108.l ± 0.9 <0.001 
Hip circumference (cm) 108.7 ± 0.6 94.3 ± 0.9 95.5 ± 1.2 0.497 113.4 ± 0.6 107.9 ± 0.7 <0.001 

VAT (kg) 1.3 ± 0.1 0.2 ± 0.03 0.4 ± 0.08 0.001 1.1± 0.04 2.3 ± 0.9 <0.001 
SBP (mmHg) 122 ± 1 104 ± 3 119 ± 3 <0.001 122 ± 1 132 ± 3 <0.001 
DBP(mmHg) 76 ± 1 66 ± 1.9 73 ± 2.3 0.044 76 ± 1 80 ± 2 0.001 

Glucose (mg/dL) 95 ± 1 83 ± 0.9 90 ± 1.3 <0.001 95 ± 1 100 ± 1 <0.001 
Total cholesterol (mg!dL) 212 ± 2 191± 5.4 199 ± 6.2 0.381 215 ± 3 219 ± 4 0.407 

HDL-<: (mg/dL) 57 ± 1 64 ± 1.6 58 ± 2.6 0.052 59 ± 1 47 ± 1 <0.001 
LDL-<: (mg/dL) 136 ± 2 113 ± 5 127 ± 6 0.035 137 ± 2 147 ± 4 0.018 

Triglycerides (mg/dL) 98 ± 3 68 ± 5.5 68 ± 5.1 0.555 94 ± 3 125 ± 8 <0.001 
ALT (U/L) 22.6 ± 0.7 13 ± 0.4 24 ± 4.3 <0.001 21 ± 1 31 ± 1 <0.001 
AST(U/L) 21.8 ± 0.4 18 ± 0.6 26 ± 1.6 <0.001 21±1 25 ± 1 <0.001 

Uric acid (mg/dL) 5.1 ± 0.l 3.9 ± 0.1 5.3 ± 0.2 <0.001 4.7 ± 0.1 6.0 ± 0.1 <0.001 
Adiponectin ( ~tg/mL) 11.9 ± 0.3 15.4 ± 0.7 9.6 ± 0.7 <0.001 12.8 ± 0.4 8.4 ± 0.3 <0.001 

Insulin (mU/ L) 7.1 ± 0.2 4.7 ± 0.3 3.5 ± 0.5 0.007 8.0 ± 0.3 8.7 ± 0.5 0.254 
Leptin (ng/mL) 31.0 ± 1.6 14.2 ± 1.2 2.6 ± 0.3 <0.001 48.1 ± 1.9 14.6 ± 0.9 <0.001 
CRP (;tg/mL) 2.6 ± 0.2 1.5 ± 0.8 0.7 ± 0.4 0.519 2.1 ±0.2 3.2 ± 0.2 0.003 
TSH (mIU/L) 1.3 ± 0.5 1.4 ± 0.1 1.3 ± 0.1 0.692 1.4 ± 0.1 1.2 ± 0.1 0.192 

TNFa (pg/mL) 0.9 ± 0.1 0.8 ± 0.1 0.9 ± 0.1 0.221 1.0 ± 0.03 1.0 ± 0.03 0.258 
HOMA-IR 1.7 ± 0.1 0.9 ± 0.1 0.8 ± 0.1 0.038 1.8 ± 0.1 2.2 ± 0.2 0.036 

Carbohydrate intake (% ) 41.l ± 0.4 43.0 ± 1.0 44.9 ± 1.2 0.296 40.8 ± 0.5 40.4 ± 0.8 0.928 
Protein intake (%) 16.9 ± 0.2 17.2 ± 0.4 15.7 ± 0.7 0.087 17.4 ± 0.2 16.0 ± 0.3 <0.001 

Fat intake (%) 40.1 ± 0.3 38.3 ± 0.9 37.5 ± 1.1 0.598 40.6 ± 0.4 40.1± 0.6 0.461 

Energy intake (kcal) 2907 ± 48 
2560 ± 2779 ± 

0.271 2849 ± 63 3237 ± 104 <0.001 
106.2 149.9 

PhysicaJ activity (METs) 25.3 ± 1.1 25.7 ± 2.8 47.8 ± 6.8 0.002 20.7 ± 1.2 30.9 ± 2.6 <0.001 

VAT: v isceral adipose tissue; SBP: systolic blood pressure; DBP: diastolic blood pressure; HDL-<:: HDL cholesterol; 
LDL<: LDL cholesterol; ALT: alanine aminotransferase; AST: aspartate arninotransferase; CRP: C-reactive protein; 
TSH: thyroid-stimulating hormon e; TNFix: tumor necrosis factor alpha; HOMA-IR insulin resis tance index; MEfs: 
metabolic equivalen! of task. Comparisons of mea ns between normalweight (BMI < 24.9 kgfm2 ) women and men (ª ), 
and overweight+obese (BMI > 25 kgfm2) women and men (b) byStudent's t-test or Mann-Whitney U test according 
w ith the distribution of data. 

3.2. Genetic Risk Score (GRS) 

To study the genetic risk association w ith BMI, of a total of 95 genotyped related-obesity SNPs, 
10 SNPs were chosen because they were statistically or marginally associated w ith BMI in our 
population were used for calculating the GRS (Table 2). The genetic score was statistically different 
w hen comparing n ormalweight (5.6 ± 0.2) w ith overweight+obese (6.3 ± 0.1) subjects (p < 0.001), 
showing a higher value in subjects with higher BMI. The score was not significantly different between 
sexes in normalweight group (p = 0.737) and the same results were obtained w hen comparing this 
score between sexes in overweight+obese group (p = 0.232). The genetic score average did not differ 
between men (6.3 ± 0.1) and women without separating by BMI status (6.0 ± 0.1) (p = 0.186). 
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3.3. Relationship between BMI, GRS and Cut Microbiome. 

A lack of association was found between alpha-diversity (evaluated by 5hannon index and Chaol) 
and BMI and GR5, when taking into account the whole population. However, when the population 
was separated by sex, 5hannon diversity index of the families was negatively associated with BMI 
in men (rho = - 0.21, p = 0.02), but not in women. On the other hand, 5hannon diversity index of 
the families was positively associated with GR5 in women (rho = 0.14, p = 0.02), but not in men. 
No association with age was found taking into account the whole population or separated by sex. 

LEfSe analysis was used in order to evaluate microbiome differences between normal weight 
and overweight+obese subjects (Figure 1). Mean of abundance of these bacteria can be found in 
supplementary materials (Table 52). 

- normalweight - overweight+obese 

Cbt11bílctentceae 
1 1 1 1 ' 1 1 

- 6.0 - 4.8 - 3 .6 -2.4 - 1.2 O.O 1.2 2.4 3.6 4 .8 6.0 
LDA SCORE (log 10) 

Figure l. Linear discriminant analysis effect size between normal weight and overweight+obese 
subjects. Red, bacteria! taxa statistically overrepresented in normal weight participants; green, bacteria! 

taxa overrepresented in overweight and obese volunteers. 

The linear discriminant analysis effect size showed that the microbiota of the normal weight group 
was characterized by a preponderance of families from the Clostridiales order, such as Catabacteriaceae 
or Christensenellaceae. 

By contrast, the gut microbiota of the overweight+obese group gut microbiota was characterized 
by a preponderance of microorganisms from the Bacteroidales order (Bacteroidetes phylum), such as 
Prevotellaceae, and microorganisms from Bacilli class such as Lactobacillaceae (Figure 1). 

In order to evaluate whether gut microbiota differs by genetic background, we assessed the global 
differences of gut microbiota composition between subjects with high and low GR5 by LEf5e analysis 
(Figure 2). Mean of abundance of these bacteria can be found in supplementary materials (Table 53). 

Results showed that the Prevotellaceae family was the most predominant in subjects w ith high 
genetic risk seo re, incl uding Prevo te/la genus. On the other hand, the low GR5 group presented high 
abundance of Barnesiella and Allistipes genus (Bacteroides phylum) and Peptostreptococcaceae family 
from Firmicutes phylum (Figure 2). 

In order to visualize the relationship between bacteria! famil ies with BMI and GRS, a canonical 
correspondence analysis was performed. BMI and GR5 were used as environmental variables with 
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the families obtained by previous analysis. The b iplot shows h igh correlation between BMI and GRS 
(Figure 3). The location of Prevotellaceae on the p lot shows its association with BMI and GRS. 

- highGRS - lowGRS 

Prevotell'a 
1 1 1 i 1 

-6.0 - 4.8 -3.6 -2.4 -1.2 o.o 1.2 2.4 3.6 4.8 6.0 
LDA SCORE (log 10) 

Figure 2. Linear discrirninant analysis effect size between subjects with high Genetic Risk Score and 
subjects with low Genetic Risk Score Red, bacteria) taxa statistically overrepresented in high Genetic 

Risk Score participants; green, bacteria) taxa overrepresented in low Genetic Risk Score participants. 

_, 
-4 -3 -2 
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•caulobacteraceae 

• Le uconastocaceae 
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Dehalobacteria eae- •Methanobacteriaceae 

-1 

l):cti stens-enelloceae 

•co obaCleriaceae 
•sifidobacteriaceae 

Acid inococc.aceae 
' p 
-o. 

~u 
obacillaceae 

-2.2 

•sphingomo11adaceae 

-3. o 
BMI 

-3.75 

Axis1 

Succin ivibrionaceae • 

•Aeroccxcaceae 

Figure 3. Biplot of the analysis of multivariate ordination with canonical correspondence analysis 

(CCA) applied to taxonomic abundance cornparison at farnily leve) (including farnilies obtained by 
LEfSe). CCA was perforrned to assess the variance in rnicrobiota profiles at the farnily leve) in lean and 

overweight+obese, high GRS and low GRS and men and women. Vectors represent the environmental 

variables (in red) and black points represent abundance of farnilies. 

Moreover, metagenomeSeq analysis was performed to identify bacteria! families significantly 
different between normal-weight and overweight+obese subjects. The figure below shows that 
Prevotellaceae was the only different b acteria! family between groups of BMI (Figure 4A). The same 
analysis between high and low GRS groups showed that only Prevotellaceae family was statistically 
significant (Figure 48). 
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Figure 4. (A) Box plot of Prevotellaceae abundance in metagenomeSeq analysis between normal weight 
and overweight+obese subjects. (B) Box plot of Prevotellaceae abundance in metagenomeSeq analysis 

between low-GRS and high-GRS subjects. FDR false discovery rate adjusted p value. 

In terestingly, metagen omeSeq showed that the only significant genus was Paraprevote/la, following 
by Prevotella. These gener a are the m ost abundant component of Prevotellaceae family. 

Furthermore, to determine the bacteria! families that might be b iomarkers for d iscriminating 
normalweight patien ts from obese, a random forest based on BMI and GRS was applied with the 
relative abundances of the 64 identified families included as inputs. Ten random forest models were 
repeated in order to rank microbial signatures that are able to differentiate groups of BMI (normalweigth 
and overweight/obese) or GRS (low and high) (Figure 5). To obtain a robust result, the mean of the 
MOA importance values was calculated for each bacteria! family. Prevotellaceae showed the highest 
mean of importance in both approaches. 

In order to achieve the purpose of the study, to evaluate inte ractive associations between gut 
microbiota composition and polymorphisms influencing BMI, the bacteria! families that presented 
association with both variables (BMI and GRS) in previous analyses (Prevotellaceae, Leuconostocaceae 
and Lactobacillaceae) were chosen to construct the linear regression models. 

Linear regression m odels adjusted for sex, age, physical exercise and energy intake were 
constructed for each one and the presence of interaction between microbiota and the GRS was 
evaluated. Only a marginal inte raction between Prevote llaceae family and GRS was found (model 
A, Table 3). In order to evaluate the role of sex, the interaction regression models were stratified by 
gender (Table 3 Men and Women columns). Data revealed that a significant interaction only appeared 
in women (model A, p = 0.039) and the interaction model with Prevotellaceae and GRS improved the 
adjusted R2 value from 0.21 (Figure 6C). 
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Figure 5. Ranking of mean decrease in accuracy (MDA) values in randorn forest analysis, a statistical 

classification that indica tes the irnportance of each variable. Randorn forest calcula tes feature irnportance 

by rernov ing each feature frorn the rnodel and rneasuring the decrease in accuracy (for presence) or the 
increase in the rnean-square error (for abundance). According to these irnportance seores, features were 

ranked in increasing order across rnodels. The plot shows each variable on the y-axis, and their irnportance 

on the x-axis. Thus, the rnost irnportant variables are at the top and an estímate of their irnportance is 
given by the position of the dot on the x-axis. (A) The Figure Shows the hierarchical rank of 30 farnilies 

listed as responsible for the differences between groups of BMI. (B) The graph shows the hierarchical rank 

of importance of 30 bacteria] farnilies irnplicated in the differences between groups of GRS. 

Table 3. Linear regression rnodels constructed with BMI as dependent variable, relative abundance of 

Prevotellaceae family, and genetic risk score (GRS) as independent variables. 

Model 
Whole Population (11 = 360) Men (11=109) Women (11 = 251) 

f.l ±SE p Value adjR2 f.l ±SE p Value adjR2 f.l ± SE p Value adjR2 

ModelA <0.001 0.18 0.007 0.11 <0.001 0.21 
Prevotellaceae -0.27± 025 0276 0.004 ± 0.38 0.992 -0.44 ± 0.31 0.164 
GRS 0.07 ± 050 0.887 0.70 ± 0.80 0.383 -0.23 ± 0.63 0.713 
Prevotellaceae#GRS 0.06 ± 0.04 0.098 -0.006 ± 0.06 0.925 0.10 ± 0.05 0.039 

Model B <0.001 0.18 0.003 0.13 <0.001 0.19 
Leuconostocaceae - 1.37 ± 1.02 0.179 - 2.12 ± 1.75 0.228 -0.17 ± 1.38 0.903 
GRS 0.76 ± 0.16 <0.001 0.51 ±026 0.053 0.96±021 <0.001 
Leueonos tocaceae#GRS 0.23 ± 0.15 0.121 029 ± 028 0305 0.08 ± 0.19 0.657 

Model C <0.001 0.17 0.17 0.003 <0.001 0.19 
Lactobacillaceae 0.42 ± 035 0231 0.48 ±0.48 0316 0.42 ± 0.48 0.382 
GRS 0.99 ± 024 <0.001 0.79 ± 036 0.032 1.15 ± 031 <0.001 
Lactobacillaceae#GRS -0.03± 0.05 0.506 -0.05 ± 0.07 0.511 -0.03 ± 0.07 0.648 

~ rep resents changes in outcornes for the increasing nurnber of units of BMI in the whole population and separating 
by sex; SE: standard e rror. Regression was adjusted for age, sex, physical exercise and energy in take excep ting 
rnodels s tratified by sex in which the gender was not considered. 
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Figure 6. Predicted values of BMI in ali population studied (A), men (B) and women (C) according 

to the Genetic Risk Score (GRS) calculated with 5 (dash line and square dots) and 15 (solid line and 

circle dots) relative abundance of Prevotellaceae, using linear regression models adjusted for age, sex, 
ph ysical activity and energy intake, showing association between relative abundance of Prevotellaceae 

family and GRS. 

4. Discussion 

Obesity is caused by an imbalance between energy intake and energy expend iture, where complex 
genetic and environmental factors are involved [45,46]. Severa! publications have appeared in recent 
years documenting that genetics as well as microbiome take part in the development of obesity and 
others comorbidities [47-49]. H owever, the complex interactions between the intestinal microbiome, 
host genetics, and their mutual effects on health and disease have been scarcely studied so far. In this 
context, this paper is a modest contribution to the ongoing discussion about the complex relationship 
between gut microbiome composition and the host genotype on BMI, as well as the potential influence 
of the sex. 

On the one hand, the contribution of genetics to obesity has been widely recognized in humans [SO]. 
However, most of the investigations deal w ith only one SNP and few of them examine the contribution 
of a set of severa! SNPs in the apparition of obesity. In this current work, a GRS construction using a 
set of 10 related-obesity SNPs was proposed in order to better understand the contribu tion of host 
genetics in the context of obesity, including gut mic:robiome composition as another important factor in 
this disease. lt is important to underline that these SNPs have shown association with BMI in previous 
stud ies [51- 59]. Thus, as expected, this GRS was statistically associated w ith BMI in our population. 

These findings are in line w ith previous stud ies estimating the clinical d iscriminative accuracy of 
multip le genetic testing in the prediction of comm on complex d iseases [60,61]. Other stud ies have 
previously described d ifferent GRS in the context of obesity. Goni et al. showed that the construction 
of a GRS confirmed that the high genetic risk group showed greater values of adiposity than the low 
risk group and demonstrated that macronutrient intake modified the association between GRS and 
adiposity traits [62]. In the study of Hung et al., authors described a GRS with 32 well-established risk 
loci from a meta-analysis of Genome Wide Association Stud ies on BMI, which was a useful too! to 
predict obesity [63]. 

On the other hand, in recent years a great number of p revious stud ies have documented 
severa! structural pattem s of the gut microbial community linked to obesity, such as a high 
FirmicutesjBacteroidetes ratio and low gene richness or sorne specific m icrobial families, genus 
and species have shown association to obesity in mice and humans [3,64-68]. Nevertheless, the specific 
members of the gut microbiota and their functional interactions contributing to obesity and associated 
metabolic deteriorations remain inconclusive [16]. Actually, according to the results obtained in this 
work, other stud ies that ha ve reported a correlation between Prevotellaceae abundance and obesity. 
Prevotellaceae seems to be associated with an elevated leve! of circulating succinate concomitant w ith 
impaired glucose metabolism in obese people [69]. 
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Therefore, a large body of data indicates a clear contribution of gut microbiota to many human 
diseases, but the mechanisms that mediate these associations are poorly understood, highlighting the 
need to better understand genetic and environmental factors affecting microbial composition. 

In this paper, particular attention was paid to how the combination of these two factors, host genetics 
and gut microbiome, can con tribute to obesity disease. In this line, sorne previously research suggested that 
the individual microbiota composition is involved in genetically predisposed obesity. Certain studies have 
shown that family members have more similar microbiota than unrelated individuals [7]. For example, 
the concordance rate for carrying the methanogen Methanobrevibacter smithii is higher in monozygotic than 
dizygotic twin pairs [70], and sorne studies comparing microbiota between human subjects differing at 
specific genetic loci ha ve shown gene-microbiota interactions [14-17]. In this context, Org et al. found, in a 
controlled environment, that the genetic background accounts for a substantial fraction of abundance of 
most common microbiota in mice [71- 75]. In line with the data showed in this paper, other investigations 
reported a relationship between Prevotellaceae family members and host genetics. A positive correlation 
betweenAMY1 copy number and Prevotella (main genus of the Prevotellaceae family) abundance highlights 
the role of genetics in the modulation of intestinal microbiota. In that study, authors found a positive 
correlation between AMYl copy number and gut Prevotella abundance, probably beca use this genus 
has enzymes and gene clusters essential for complex polysaccharide degradation and utilization (76]. 
Genetic variants in severa! genes, including SLC9A2, ELA VL4 and LING02, are associated with both 
obesity and Blautia abundance, which could suggest that the mechanism of these variants acts through 
the gut microbiome (77]. For example, a positive association exists between a variant in SLC9A2, a gene 
that expresses a sodium/hydrogen exchanger in the colon that is upregulated in mouse models of obesity, 
and the abundance of the genus Blautin [78]. These investigations evidenced that, although it is not clear if 
a gut microbiota shift is the cause or the effect or obesity, the role of host genetic is this scenario is critica!. 
Host genetics determines the metabolism and absorption of dietary nutrients, and these nutrients may 
influence and conditionate the presence, prevalence and the survival of a certain group of bacteria. Alike, 
these bacteria present importan! functions in the defense against foreign pathogens and the breakdown of 
indigestible dietary polysaccharides to produce short chain fatty acids (aceta te, butyrate, and propionate), 
which can serve as a direct energy source for intestinal epithelial cells. Moreover, bacteria produce a wide 
range of other metabolites, as well as modifying human produced metabolites, such as bile acids, that can 
be taken up into the bloodstream where they have the potential to rnodulate host rnetabolisrn and other 
functions, even behavioral functions [79,80]. Nevertheless, in contras! to sorne reports in the literature, 
sorne authors consider that gut rnicrobiome composition is shaped predorninantly by environmental 
factors (specially the type of diet) but is not significan ti y associated with genetic ancestry or with individual 
SNPs, and, previously reported associations have not been replicated across different studies (81]. 

Another importan! issue in this complex tangle is the role of sex. In the literature, severa! 
investigations ha ve shown sex-related differences in gut microbiota. For example, the genera Bilophila, 
Veillonella, and Methanobrevibacter were previously found to have distinct abundances in European 
rnen and wornen [15]. One of the rnost interesting approach to this issue has been proposed by 
Santos-Marcos et al. presenting that subjects with the same combination of metabolic syndrome 
criteria, showed different composition of gut rnicrobiota depending on sex [13]. Also, the investigation 
of a Chinese cohort, dernonstrated statistically significan! differences in gut bacteria! cornrnunity 
diversity, composition, phenotypes, functions, and ecological networks, and these diverse profiles 
were associated with BMI but were also sex-specific [82-84]. 

Thus, a big number of studies show host genetic and gut microbiota are essential factors for 
understanding obesity; but the mechanisms by which these factors interplay with each other are poorly 
understood, highlighting the need to better understand genetic and environmental factors affecting 
microbial composition and its relationship with human health and disease. The study of the interaction 
between severa! factors, such as gut microbiota and host genetic, could explain sorne interindiv idual 
differences found in people with the sarne complex disease, such as obesity. Our finding evidenced 
that women with higher GRS seores and higher abundance of Prevotellaceae showed a higher BM1, 
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while women with lower Prevotellaceae presented a lower BMI. To date, no studies have investigated 
the association between microbiota and a set of SNPs, and the effect on BMI. Also, other bacteria! 

families showed an association with BMI and GRS in our research, such as Lactobacillaceae, suggesting 
that more research is necessary to extend our knowledge in others populations. 

Nonetheless, one limitation of this research lies in the fact that the analyses were performed 

at family level, and different bacteria! species may be contributing to the prevalence of the family. 
Moreover, the problem with this approach is that the investigations concerning the influence of host 
genetics on the gut microbiome are difficult because gut microbiome composition can be influenced 
by environmental aspects such as the type of diet, physical activity or antibiotics consumption [79]. 

Furthermore, to determine more robust genetic associations, a larger sample size is required. However, 
an important strength of this investigation is the screening of multiple SNPs related to BMI, which 
resulted in the construction of a specific GRS. Moreover, to our knowledge, this is the first study that 

has evaluated the combined effects of a set of obesity-related SNP and gut microbiota composition on 
human obesity. 

5. Conclusions 

This proof of principie study has statistically shown that a sex-specific association occurs between 
host genetics and Prevotellaceae, evidencing differences in BMI according to the sex. This outcome 
supports the association of Prevotellaceae family with BMI, and indicates that gender differences 
should be taken into account. 

Furthermore, the proposed GRS interacts with the Prevotellaceae family, which modulates obesity 

predisposition. Developing strategies to manipulate gut microbiota that drive specific components of 

obesity, especially those components that interact with a permissive host genetic background, may 
open the door to new more personalized, effective and durable a pproaches to prevent and treat human 
obesity-related diseases. 

In summary, our findings should be considered as a model, which support the hypothesis that host 
genetics interact with the gut microbiome, and this association may play a role in obesity development, 
especially in women. 
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Figure Sl: A. Roe curve BMI classification random forest for predicting obese status as variable that identified 
the model. B. Roe curve GRS classification random forest for predicting high genetic risk score as variable that 
identified the model. Figure S2: Principal component analysis (PCA) scaling based on Euclidean distances. 
Table Sl: Genomic characteristics of the 95 obesity-predisposing SNPs. Table S2: Mean of abundance for each 
bacteria! taxa obtained from LEfSe analysis between normalweight and overweight+obese subjects. Table ST3: 
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Table Sl. Genomic characteristics of the 95 obesity-predisposing SNPs. 

SNP• Geneb Chromosome Ali eles 
sitiont 

rsl7024393 GNA12 Chr!: lJ 0154688 TIC 
rsl801J31 MTHFR Chrl:IJ854476 TIG 
rsl80ll33 MTHFR Chrl:IJB.56378 GIA 
rs543874 SEC16B Chr!:l77889480 NG 
rs2605100 LYPLAL1 Chrl:219644224 NG 
rs4846567 LYPLAL1 Chrl :219750717 G/T 
rs3123554 CNR2 Chr1:24196401 NG 
rs324420 FAAH Chr1:46870761 CIA 
rs81791831rsl 805094 LEPR Chrl :66075952 GIC 
rs2815752 NEGR1 Chr1:72812440 GIA 
rs519887 ABCB11 Chr2:169780885 TIC 
rs484066 ABCB11 Chr2:169782481 A/T 
rs569805 ABCB11 Chr2:169782880 A/T 
rs494874 ABCB11 Chr2:169789306 TIC 
rs2943641 /RSJ Chr2:227093745 TIC 
rsl0182181 ADCY3 Chr2:25150296 NG 
rs713586 ADCY3 Chr2:25158008 TIC 
rs2860323 TMEM18 Chr2:614210 NG 
rs2867125 TMEM18 Chr2:622827 TIC 
rsl3021737 TMEM18 Chr2:632348 NG 
rsl801282 PPARG Chr3:12393125 C/G 
rs2959272 PPARG Chr3:12442833 TIG 
rsl386835 PPARG Chr3:12450918 NG 
rs709158 PPARG Chr3:12463176 NG 
rsll75540 PPARG Chr3:12465243 CIA 
rsll75544 PPARG Chr3:12467044 crr 
rsl797912 PPARG Chr3:12470239 NC 
rsl516725 ETVS Chr3:185824004 TIC 
rs9816226 ETV5 Chr3:185834499 A/T 
rsl3107325 SLC39A8 Chr4:103188709 CIA/T 
rsl799883 FABP2 Chr4:120241902 TIC 
rs6536991 UCPJ Chr4:141481581 TIC 
rsl2502572 UCP1 Chr4: 141485134 GIA 
rsl800592 UCP1 Chr4: 141493961 TIC 
rs8192678 PPARGC1A Chr4:23815662 crr 
rsl0938397 GNPDA2 Chr4:45182527 NG 
rsl801260 CLOCK Chr4:56301369 NG 
rsl440581 PPM1K Chr4:89226422 TIC 
rsl042713 ADRB2 Chi5:148206440 GIA 
rsl042714 ADRB2 Chi5:148206473 GIC 
rs6861681 CPEB4 Chi5:173362458 GIA 
rsl800629 TNFA Chr6:31543031 GIA 
rs206936 NUDT3 Chr6:34302869 NG 
rs987237 TFAP2B Chr6:50803050 NG 
rs2207139 TFAP2B Chr6:50845490 NG 
rs7799039 LEP Chr7: 127878783 GIA 
rs4731426 LEP Chr7:127882070 GIC 
rs2071045 LEP Chr7: 127892980 TIC 
rsl055144 NFE2L3 Chr7:25871 109 crr 
rs4994 ADRB3 Chr8:37823798 NG 
rsl800544 ADRA2A Chr 10: lJ 2836503 GIC 
rs2419621 ACSLS Chrl0:ll4135013 crr 
rs7903146 TCF7L2 Chr!O:ll4758349 crr 
rsl2255372 TCF7L2 Chr!O:ll4808902 G/T 
rsl800497 ANKK1 Chrl 1:1J3270828 GIA 
rs662799 APOAS Chrl 1:116663707 GIA 
rs6265 BDNF Chrl 1:27679916 crr 
rsll030104 BDNF Chrll:27684517 NG 
rsl0767664 BDNF Chrl 1:27725986 TIA 
rsll605924 CRY2 Chrll:45873091 NC 
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rsl0838738 MTCH2 Oul 1:47663049 NG 
rs660339 UCP2 Oul 1:73689104 GIA 
rs659366 UCP2 Oul 1:73694754 C/T 
rs2075577 UCP3 Oul 1:73715542 GIA 
rs2734827 UCP3 Oul 1:73716277 GIA 
rsl685325 UCP3 Oull:73717025 TIC 
rs2075576 UCP3 Oull:73717121 C/T 
rsl800006 UCP3 Oull:73717254 NG 
rsl800849 UCP3 Oul 1:73720165 GIA 
rs4929949 STK33 Chrl1:8604593 TIC 
rsl0830963 MTNR1B Oul 1:92708710 CIG 
rs4769873 ALOX5AP Oul3:31312689 C/T 
rsl052700 PLJNl Oul 5:90208310 A/T 
rs894160 PLJNl Oul 5:90211823 C/T 
rs2289487 PLJNl Oul5:90217096 C/T 
rs7498665 SH2Bl Oul 6:28883241 NG 
rs7359397 SH2Bl Oul6:28885659 C/T 
rsl558902 FTO Oul 6:53803574 TIA 
rsll21980 FTO Oul6:53809247 GIA 
rsl7817449 FTO Ou 16:53813367 TIG 
rs8050136 FTO Oul 6:53816275 CIA 
rs3751812 FTO chrl 6:53818460 G/T 
rs993%09 FTO Oul 6:53820527 TIA 
rsl2452844 AANAT Oul 7:74459243 GIA 
rsl805081 NPC1 Oul 8:21140432 TIC 
rs6567160 MC4R Oul 8:57829135 TIC 
rs571312 MC4R Oul 8:57839769 CIA 
rsl7782313 MC4R Oul 8:57851097 TIC 
rsl7066866 MC4R Oul 8:58055619 A/T 
rsl7069904 TNFRSF11A Oul 8:60032949 GIA 
rs2287019 QPCTL Oul 9:46202172 C/T 
rs6013029 CTNNBLl Ou20:36399580 G/T 
rs6123837 GNAS Ou20:57465571 GIA 
rs3813929 HTR2C OuX:ll3818520 C/T 
rs11091046 AGTR2 OuX:ll5305126 NC 

• dbSNP reference, 'gene assigned by dbSNP and 'GRCh37, p13 assemb 
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Table 52. Mean of abundance for each bacteria! taxa obtained from LEfSe analysis betw een 

normalweight and overweight+obese subjects. 

TAXANAME 

Actinobacteria 

Bacteroidetes 
Finnirutes 

Actinobacteria (d ass) 

Bacteroidia 

Oostridia 

Negativ irutes 

Aeromonadales 

Bacteroidales 

Caulobacterales 

Oostridiales 

Coriobacteriaes 

Selenomonadales 

Sphingomonadaes 

Aerococcaceae 

Catabacteriaceae 

011istensenellace<e 

O ostrdid ia les FarnilyXIII_InceitaeSedis 

Coriobacteriaceae 

Lactobacillaceae 

Leuconostocaceae 

Micrococcaceae 

03cillospiracea? 

Prevote llaceae 

RLuninococcace~ 

Sphingomonadareae 

Succinivibrionace<e 

Unclassified_Clostridiales 

Values correspond to the mean± SEM. 

MEBn c:J: abundance in nmnalweight 

subjects 

10.6±02 

16.8 ± o.os 

16.1 ±0.7 

10.6±02 

16.8 ±o.os 

15.8±0.1 

11.4±02 

0.9±0.2 

16.8 ±o.os 

03±0.1 

15.8 ± 0.1 

9.0± 0.2 

11.4±02 

0.17± o.oo 

0.1 ±0.Ql 

5.7± 0.4 

8.0 ± 0.4 

0.06± 0.03 

9.0 ± 0.2 

25± 0.3 

2.0 ± 0.2 

1.9±0.2 

12.9 ±02 

11.15 ±05 

14.4 ±0.l 

0.2 ± 0.07 

0.8± 0.2 

1.8± 0.4 

Mean c:J: abundance in overweight+obese 

subjects 

9.8±0.l 

16.9 ±0.02 

15.8±0.03 

9.7±0.l 

17.0±0.02 

15.4±0.05 

11.8±0.08 

1.7±02 

17.0±0.02 

0.6±0.06 

15.4±0.05 

8.14 ±0.09 

11.8 ±0.09 

0.4 ±0.04 

0.4 ± O.Os 

43±02 

6.9 ±02 

0.4 ± 0.06 

8.1 ±0.l 

3.7±02 

2.4±02 

1.5 ±0.l 

12.4 ±0.1 

12.7±0.2 

14.0±0.1 

0.4 ±0.04 

1.7±02 

2.7±02 
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Abstract: Ultra-proces.sed foods (UPFs) consumption could affect gut microbio ta diversity and profile. 

We aimed to evaluate the effects of UPFs on rnicrobiota, considering the role of sex. The consumption 

of UPFs (using NOVA criteria) was as.sessed with a validated 137-itern food-frequency questionnaire. 

Participants (n = 359) were dassified into less than three servings per day (n = 96) of UPFs and 

more than five (n = 90). Women and men were subclassified following the same criteria. 165 rRNA 

sequencing was performed from DNA fecal samples, and differences in rnicrobiota were analyzed 

using EdgeR. The relationshlp between UPFs and bacteria was as.sessed by Spearman correlation and 

comparison of tertiles of consumption. Women who consumed more than five servings/day of UPFs 

presented an increase in Acidaminococcus, Buh;rivibrio, Gemmiger, Shigella, Anaerofilum, Parabacteroides, 

Bifidobacterium, Enterobacteriales, Bifidobacteriales and Actinobacteria anda decrease inMelainabacter 

and Lnchnospira. Bifidobacterium, Bifidobacteriales and Actinobacteria was positively associated 

with pizza and Actinobacteria with industrially processed dairy in wornen. Men who consumed 

more than five servings/day presented an increase of Granulicatella, Blautia, Camobacteriaceae, 

Bacteroidaceae, Peptostreptococcaceae, Bacteroidia and Bacteroidetes and a decrease of Anaerostipes 

and Clostridiaceae. Bacteroidia and Bacteroidetes correlated positively with industrially processed 

meat. This study suggests that UPFs may affect rnicrobiota cornposition differently in women 

andmen. 

Keywords: rnicrobiota; ultra-processed food; sex-differences; Bifidobacterium; Bacteroidetes 

l . Introduction 

Cut microbiota may be affected by different factors such as stress, aging, type of birth, 
antibiotics or probiotics use, physical activity, gastrointestinal diseases, etc. [l ]. However, 
food seems to be a crucial variable that can modulate the gut microbiota composition, and 
subsequently influence nutrient absorption, regulation of nutrient harvest and different 
metabolic outcomes [2]. Diet provides the energy intake and nutrients required for humans, 
but also the sustenance for gut bacteria. Thus, the type of d iet w ill consequently impact 
on the selective growth of bacteria! taxa in the human gut. Regarding d ietary pattems, 
the beneficia! impact of a healthy d iet rich in fruit, vegetables and fresh products on the 
gut has been largely reported [3]. However, the consumption of fresh-food is decreasing 
whereas the intake of ultra-processed foods (UPFs) is increasing worldwide [4]. Over 
the last few decades, traditional and fresh food are being replaced by packaged UPFs in 
many countries, especially in high-income countries [5]. UPFs are formulations ready 
for consumption, made from refined food substances (such as glucose syrup, modified 
starch, maltodextrins, hydrogenated oils, protein/fiber isolates or cosmetic additives), with 
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a careful cornbination of simple sugars, salt, fat, and various additives. These foods, which 
include sugar-sweetened beverages (SSB), snacks, industrially processed pastries, rneat 
and dairy products, and "fast foods", arnong others, are not recornrnended for prolonged 
consumption. Their low nutritional quality, high energy density [6], and hyper-palatable 
attributes also prornote overconsurnption [7]. Sorne ecological studies have shown that the 
increased consurnption of UPFs has coincided with an increasing prevalence of obesity. 
In fact, severa! studies have found associations between UPFs and health problems such 
as hypertension [8], obesity [9], metabolic syndrome (10], depression (11] and type 2 
diabetes (12]. These pathologies are also connected with oxidative stress and inflarnrnation, 
which could rnodify gut rnicrobiota configuration, richness and diversity (13]. Diet is partly 
responsible for the horneostasis of the rnicrobiota, as short-terrn rnodifications in the dietary 
pattern carry variations in diversity and composition. 

Others factors can also affect gut rnicrobiota composition, including genetic back
ground [14], physical exercise (15], aging (16] or sex (17]. In this context, severa! studies 
have demonstrated that sex must be taken into account since gut microbiota composition 
differs between rnen and wornen. Horrnone concentration, adiposity, fat distribution (18--22], 
and different eating behavior and habits (23] could explain these differences. However, 
quite often this factor has been ignored. Although sorne studies have taken into account 
the differences between sex in the consurnption of UPFs (24], changes in the rnicrobiota pro
duced by UPFs according to sex should be further studied. In this study we hypothesized 
that UPFs consurnption can affect gut microbiota, but in a different manner depending on 
sex. Thus, the airn of this work was to assess the effects of UPFs consumption on human 
gut microbiota composition in normal weight, overweight and obese Spanish populations, 
taking into account the role of sex. 

2. Materials and Methods 
2.1. Subjects 

This study includes baseline data from 296 Caucasian adults with body mass index 
(BMI) from 25 to 36 kg/ m 2 from the Obekit tria! (NCT02737267). Also included were 
63 subjects with normal weight (BMI frorn 18 to 24.9 kg/ rn2). The characteris tics of 
this research project, the study design, and the exclusion and inclusion criteria have 
been previously detailed (25,26]. A written informed consent was signed and the study 
protocol was approved by the Research Ethics Committee of the Univer sity of Navarra 
(ref. 132/2015). Throughout the project, the Ethical principies of the Helsinki Declaration 
were rigorously followed. (27]. A total of 359 participants were finally included in this 
investigation. Participants who did not provide fecal samples in a correct manner or 
consumed antibiotics before collecting the samples (n = 12) or did not fulfill the food 
frequency questionnaire (n = 1) were discarded. 

2.2. Assessment of Ultra-Processed Food Consumption 

Habitual dietary intake at baseline was collected with a food frequency questionnaire 
(FFQ) validated in Spain that included 137 food items with corresponding portion sizes as 
described elsewhere (28]. Participants provided information about the number of times 
they had con surned each food item during the last year. The answer corresponded to 
nine categories for consumption frequencies (from never /almost never to >6 servings 
per day). Total energy (kcal) and macronutrient intakes (%) were determined using an 
ad hoc computer prograrn specifically developed for this purpose, by calculating this as 
the surn of frequency of consumption multiplied by nutrient composition of a specified 
portion size from valid Spanish food composition tables (29]. All items in FFQ were 
classified according to the NOVA system, a food classification based on the nature, extent, 
and purpose of industrial processing. Classification in the NOVA system corresponds 
to: l. 'unprocessed/minimally processed foods' belonging to animals or plants (fruits, 
vegetables, eggs, milk, meat, etc.) which are fresh or very low-processed in ways that 
do not add substances such as salt, sugar, oils, fats, or additives; 2. substances extracted 
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from unprocessed foods (from group 1) which are processed using culinary ingredients 
(salt, oil, sugar, etc.); 3. processed foods made by adding processed culinary ingredients 
to minimally processed food (such as fruit in syrup or cheese); and 4. UPFs, which are 
defined as industrial formulations of food-derived substances (oils, fats, sugars, modified 
starch, protein isolates) that include little orno whole food and often with flavorings, 
colorings, emulsifiers, and other cosmehc addihves (e.g., sweet and savory packaged 
snacks, chocolate snacks and candies, mass-produced packaged buns, cookies, industrially 
produced cakes, breakfast "cereals", ready-to-heat or pre-fried products, instant soups, 
industrial pizza, sausages or hamburgers). The processes for manufacturing include 
sophishcated technology and techniques such as hydrogenahon, hydrolysis, extrusion, 
molding, remodeling, pre-frying or adding several additives to increase palatability. The 
techniques of manufacturing UPFs includes the addihon of flavor enhancers, emulsifiers, 
thickeners, and anti-foaming, bulking, gelling, carbonating, foaming, glazing agents and 
additives that help to prolong product duration [30-32]. The sum of total consumed UPFs 
was calculated using the frequency of UPF items consumphon per person (servings per 
day). Supplementary Table Sl shows the UPF products included in the FFQ, previously 
used in other publications [9,33]. 

2.3. Fecal Sample Col/ection and Metagenomic Data 

Fecal samples were self-collected by the volunteers using OMNigene.GUT kits from 
DNA Genotek (Ottawa, ON, Canada) and following the standard guidelines from the 
supplier. Samples were aliquoted and stored at -80 ºC. The isolation of DNA was achieved 
with the QIAamp® DNA kit (Qiagen, Hilden, Germany) following the manufacturer's 
protocol. Bacterial DNA sequencing was carried out in the Autonomous University of 
Barcelona, (Servei de Genómica i Bioinformatica) in Spain. The Illumina 16S protocol based 
on the amplification of the V3-V4 variable regions of the 16S rRNA gene was followed 
for sequencing. This process consists of two PCRs. In the first one, 12.5 ng of genomic 
DNA and the 16S Amplicon PCR Forward and 16S Amplicon PCR Reverse primers were 
used (from Nextera® XT DNA Index Kit FC-131-1002 Illumina; San Diego, CA, USA). The 
protocol in this first PCR was 95 ºC during 3 min and 25 cycles of: 95 ºC for 30 s, 55 ºC 
for 30 s, 72 ºC for 30 s, then, finally, 72 ºC for 5 min and hold at 4 ºC. The protocol for 
the second PCR was 95 ºC for 3 min, 8 cycles of: 95 ºC for 30 s, 55 ºC for 30 s, 72 ºC 
for 30 s, then, finally, 72 ºC for 5 min and hold at 4 ºC. The PCR quality was assessed 
in a Labchip Bioanalyzer (Agilent Technologies Inc, Santa Clara, CA, USA). Once the 
sequencing of ali the samples had been achieved, up to 40 samples were mulhplexed in 
each run of 2 x 300 cycles. Equimolar concentrations of each samples were mixed and 
the pool diluted up to 20 pM. A total of 3 runs were performed on the MiSeq sequencer 
using the MiSeq® Reagent Kit v3 (San Diego, CA, USA) (600 cycle) MS-102-3003. During 
the process, negative controls were included. In order to avoid batch effect, samples were 
randomized by sex, age and BMI status. Adapters and barcodes were removed following 
the Illumina guidelines. Acceptable quality readings were considered when obtained ata 
sequence depth of 40,000 readings as minimum. The 16S rRNA sequences were trimmed 
and filtered following quality criteria of the processing pipeline LotuS (release 1.58) for 
MiSeq sequencer [34]. This pipeline includes UPARSE de novo sequence clustering for 
the identification of Operational Taxonomic Units (OTUs) and their abundance matrix 
generation [35,36] by sirnilarities in DNA sequence, with a sequence sirnilarity threshold of 
97%. [37]. Taxonomy was assigned using HITdb database for human intestinal 16S rRNA 
sequences [38]. The abundance matrices were filtered and normalized in R/Bioconductor 
from OTU to phylum [39]. Sequencing data of this study can be found in the NCBI SRA 
repository (accession number PRJNA623853). 

2.4. Anthropometric Measurements 

Anthropometric measurements were collected by trained nutrihonists using conven
tional validated methods. BMI was calculated and classified according to the World Health 
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Organization [40]. Fat d.istribution was assessed using Dual-energy X-ray absorptiometry, 
following the company instructions (DEXA, Lunar Prodigy, software version 6.0, Madi
son, WI, USA). Systolic and diastolic b lood pressures were measured using conventional 
methods (with a sphygmomanometer), following the criteria of the World Health Organi
zation and the International Society of Hypertension [41]. Trained nutritionist collected 
information including lifestyle-related characteristics, smoking status and clinical history. 
Adherence to the Med.iterranean d.ietary pattem was assessed using a validated score [42]. 
A validated 17-items questionnaire was used for the assessment of physical activity of the 
participants (expressed as metabolic equivalents units, MEfS), as detailed elsewhere [43]. 

2.5. Biochemical Measureme11ts 

Blood samples were collected after 12 h of overnight fasting. Glucose, total cholesterol, 
high-density lipoprotein cholesterol (HDL-c ), triglycerides, alanine-aminotransferase (ALT), 
and aspartate-aminotransferase (AST) were tested in an automatized analyzer Pentra C200 
by using suitable kits provided by the company (HORIBA Medica!, Madrid, Spain). Low
density lipoprotein cholesterol (LDL-c) was calculated using the Friedewald equation 
(LDL-c = Total cholesterol (mg/dL) - H DL-c (mg/dL) - triglycerides (mg/dL) / 5) [44]. 
Homeostatic model assessment for insulin resistance (HOMA-IR) was calcula ted using 
fasting insulin and glucose concentrations [45]. Insulin, adiponectin, leptin, tumor necrosis 
factor alpha (TNF-cx) and C-reactive protein (CRP) were measured with specific enzyme
linked immunosorbent assays and read w ith an automated analyzer system (Triturus, 
Grifols, Barcelona, Spain). The following kits were used: insulin (Mercodia, Uppsala, 
Sweden), TNF-cx (R&D Systems, Minneapolis, MN, USA), CRP (Demed.itec, Kiel, Germany), 
adiponectin (BioVendor, Bmo, Czech Republic), leptin (Mercodia, Uppsala, Sweden), 
following the instructions from the suppliers. 

2.6. Statistical A11alysis 

The total servings per day of UPFs was adjusted for BMI, age and energy intake a t 
baseline through the residual methods. Then, the entire population (11 = 359) was catego
rized in to two groups according to the consumption of UPFs: less than 3 UPFs servings 
per day (11 = 96) and more than 5 UPFs servings per day (11 = 90). A total of 186 subjects 
were included for the comparative analysis. For the analysis separated by sex, women 
subjects (11 = 251) were classified into women who consum ed less than 3 servings/ day 
(11 = 57) of UPFs and more than 5 (11 = 66). The same classification was applied for male 
participants (11 = 108), men who consumed less than 3 servings/ day (11 = 39) of UPFs and 
more than 5 (11 = 24). Thus, subjects who consumed between 3 and 5 servings per day of 
UPFs were excluded (11 = 173). In this way, a "high" consumption group (<3 servings/day) 
and a " low " consumption group (>5 servings/ day) were obtained. Descrip tive statistics 
were used to analyze baseline characteris tics among participants using Stata 16 (StataCorp 
LLC, College Station, TX, USA). Variables were expressed as means ± standard error of the 
mean for quantitative variables andas numbers of cases for qualitative variables. The data 
d.istribution was screened w ith the Shapiro-Wilk test. Biochemical and anthropometrical 
value differences at baseline between groups were assessed by t-test and Mann- Whitney 
test depending on the distribution of data, and quantitative value variables were assessed 
by Chi-squared. Comparative analysis of microbiota according to UPFs consumption 
(adjusted by BMI, age and energy intake in order to avoid potential confounders) was 
performed using MicrobiomeAnalyst [46] from phylum to genus. Microbiota data were 
filtered removing features w ith less than 4 counts and less than 20% of p revalence, as 
a mínimum. From a total of 4734 features, 3884 were removed due to low abundance 
based on prevalence and another 33 features were removed based on inter-quantile range. 
Richness (number of species in our population) was calculated w ith the number based on 
OTU counts and alpha diversity (mean of d ifferent species within subject) indexes Chaol 
and Shannon, analyzed using a paired non-parametric test. Beta diversity (mean of differ
ent species between subjects) was calculated using Bray Curtís index and PERMANOVA 
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test. Statistical differences in microbiota abundances between groups of adjusted UPFs 
consumption were tested by EdgeR (Empirical analysis for Digital Gene Expression in 
R) previously normalized using trimmed mean of val u es normalization (TMM) and false 
discovery rate for correction (considered statistically significant when F DR <O.OS). The 
association between microbiota and categories of ultra-processed food was evaluated by 
Spearman correlation using Stata 16 separately in women and men (taking into account the 
whole population without separating by UPF consumption categories) and corrected by 
FDR (considered significant when FDR > 0.05). Correlation graphs were performed using 
GraphPad Prism version 6.0 (GraphPad Software, San Diego, CA, USA). Differences in 
bacteria! abundance according to adjusted UPFs consumption were assessed using tertiles 
of consumption for women (89 subjects in each tertile) and for men (31 subjects in each 
tertile) and comparing tertiles 1and3 by Mann-Whitney test using Sta ta 16. 

3. Results 

The consumption of adjusted UPFs (by BMI, age and energy intake) per day in our 
study population ranged from O to 18 serv / d and the mean of consumption was 4. O ± 1.8. 
In women, adjusted UPFs consumption ranged from O to 10 and in men from O to 17. The 
mean consumption was 4.1±1.7 forwomen and 3.8 ± 2.2 formen. 

3.1. Characteristics of tlu Population 

Table 1 shows the comparison of baseline characteristics according to the consumption 
of less than 3 servings per day and more than 5. Smoking, alcohol and physical exercise 
were not different between groups. The prevalence of anxiety and depression were signif
icantly higher in participants who consumed more than 5 servings/ day compared w ith 
those who consumed less than 3. 

In the whole population, participants who consumed more than 5 servings/day 
showed a significantly higher energy intake, BMI, body weight, waist circumference, hip 
circumference, fat mass, and triglyceride levels. HDL-c levels were significantly lower in 
subjects who consumed more than 5 serv / d. Subjects with higher consumption of UPFs also 
presented an older age, a lower adherence to Mediterranean diet and a higher percentage 
of energy from UPFs (Table 1). In the female population (Table 1), the participants who 
consumed more than 5 serv / day of UPF presented more cases of depression and anxiety, 
energy intake and higher weight and hip circumference. The percentage of energy from 
UPFs was also significan ti y higher in the women who consumed more than 5 serv ( d of 
UPFs (Table 1). On the contrary, the adherence to the Mediterranean diet was significantly 
lower when the UPFs consumption was higher than 5. Considering the male population, 
those that consumed more than 5 serv / d presented a significantly higher energy intake, 
BMI, weight, triglycerides, ALT, and TNF levels. On the contrary, levels of HDL-c were 
lower in the men who consumed more UPFs. Men who consumed more than 5 serv / day of 
UPFs also showed a significantly lower adherence to the Mediterranean diet and a higher 
percentage of energy from UPFs (Table 1). PAD, PAS, v isceral fat, blood glucose, insulin, 
HOMA index, total and LDL cholesterol, AST, adiponectin, leptin, and CPR showed no 
significant differences between groups of consumption (Table 1). Supplementary Table S2 
shows characteristics of the participants excluded for the microbiota analyses (those subjects 
who consumed between 3 and 5 servings per day of UPFs). 
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Table l. Characteristics of the participants acco rding to UPFs consumption categorized accord ing to <3 servings per day 

and >5 servings per day. 

Variables 

UPF COll"' 

sumption 
(serv/ d) 

Age(y) 

Smoking 

Alcohol 
habit 

MEfs 

Depression 
preva
len ce 

Anxiely 
preva
len ce 

Energy 
intake 
(kcal) 

Energy 
from 

UPFs(%) 

Adherence 
toMD 

BMI 
baseline 
(kglm' ) 

Weight 
(kg) 

Waist 
circumfer
ence (cm) 

Hip 
circumfer
ence (cm) 

SBP 
(mmHg) 

DBP 
(mmHg> 

Fatmass 
(kg) 

Visceral 
fatmass 

(kg) 

Glucose 
(mgldL) 

Total 
choles

terol 
(mg/dL) 

HDL
cholesterol 
(mg/dL) 

LDL
cholesterol 
(mg/dL) 

Triglycerides 
(mg/dL) 

ALT(U/U 

Whole Population 

<3servld 
(11=96) 

>5 servid 
(11 =90) 

2.0 ± 0.1 6.4 ± 02 

46±1 43±1 

20 24 

61 Sl 

28.5 ± 15 225 ± 2.4 

o 6 

4 8 

2444 ± 50 3685 ± 97 

10.J ±05 22.8 ± 1.1 

8.0± 0.1 6.0 ±0.J 

29.2 ± 0.4 30.9 ± 0.4 

81.1±12 87.1±1.S 

96±1 101±1 

108± 1 111±1 

126± 1 125 ± 2 

78±1 78 ± 1 

28.6±13 33.8 ± 1.4 

12 ± 0.08 1.3 ± 0.09 

9S±I 94 ± 1 

211± 2 21S ± 4 

S9±1 55 ± 1 

64±3 S7 ± 4 

86±3 105 ± 6 

22 ±1 23 ± 1 

p Value 1 

<0.001 

0.03 

0.54 

0.36 

0.07 

0.01 

0.01 

<0.001 

<0.001 

<0.001 

0.02 

0.002 

0.02 

0.01 

0.71 

0.86 

0.01 

0.22 

0.74 

0.44 

0.04 

0.22 

0.004 

0.44 

<3servld 
(11 = 57) 

2.0± 0.1 

4S ± 1 

11 

30 

22.6 ± 25 

o 

3 

2372 ± 61 

8.7 ± 0.4 

7.0 ± 0.2 

29.S ± 05 

77.S ± 13 

94±1 

108 ±1 

122 ±2 

76±1 

29.2 ± 1.6 

0.9 ±0.06 

94 ± 2 

211 ±4 

61 ±1 

63 ± 4 

84 ± 4 

20± 1 

Women 

>5 servid 
(11 =66) 

6.2 ±0.1 

43.S± 1 

IS 

30 

18.1 ±1.9 

s 

6 

3608±107 

215±1.3 

6.0 ±02 

305 ±0.6 

82.0±1.7 

97 ± 2 

112 ± 1 

120 ± 2 

76±1 

34.1±1.9 

1.0 ± 0.08 

92±1 

213 ± s 

59 ± 2 

S7 ±S 

92 ±S 

19±1 

p Value 2 

<0.001 

0.17 

0.68 

0.93 

O.IS 

0.01 

0.02 

<0.001 

<0.001 

<0.001 

0.19 

0.04 

0.14 

0.03 

0.33 

0.91 

O.OS 

0.4S 

0.49 

0.77 

0.41 

0.37 

0.23 

0.59 

<3 servid 
(11= 39) 

Men 

>5 servid 
(n =24) 

2.0 ± 0.1 7.01 ± 052 

48 ± 1 435±1.9 

9 9 

30 21 

37.0 ± 3.8 345 ± 6.7 

o 

2 

2629 ± 83 3844±19S 

12.1 ± 0.8 263 ± 2.0 

7.0 ± 0.2 6.0 ± 03 

29.5 ± 0.6 31.6 ± 0.6 

90.6 ± 2.2 97.6 ± 2.2 

102 ± 2 108± 2 

106 ± 1 108± 1 

!3S ± 3 136± 3 

84 ± 2 82 ±2 

27.2 ± 2.3 332 ± 2.0 

1.9 ± 0.2 2.1 ±0.1 

97 ± 2 98 ±2 

210 ± 6 218± 6 

S2 ± 1 46±1 

67 ± 7 58 ±6 

92 ± 7 130±12 

26 ± 2 31 ± 2 

pValue 3 

<0.001 

0.08 

0.98 

0.74 

0.72 

0.43 

0.53 

<0.001 

<0.001 

0.006 

0.02 

0.03 

0.07 

0.13 

0.81 

0.44 

0.06 

0.58 

0.71 

0.34 

0.01 

0.35 

0.006 

0.04 

p Value 
(Women

Men < 3) 4 

0.76 

0.27 

0.47 

0.98 

<0.001 

0.89 

0.36 

0.02 

0.002 

0.77 

0.99 

<0.001 

0.01 

0.11 

0.001 

<0.001 

O.SI 

<0.001 

0.22 

0.89 

<0.001 

0.59 

0.29 

0.04 

p Value 
(\'\romen

Men> 5) ' 

O. 21 

0.98 

023 

0.16 

0.007 

0.19 

0.14 

02S 

0.06 

0.78 

02S 

<0.001 

0.002 

O.OS 

<0.001 

0.002 

0.7S 

<0.001 

0.006 

051 

<0.001 

0.92 

0.001 

<0.001 
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Table l. Cont. 

pValue p Value 
(Women· (\'\'ornen· 

Men <3) • Men > S)' 
Whole Population \'\'ornen Men 

Variables <3servld >5 servid 
p Value 1 <3servld 

(11 = 96) (11 = 90) (11 = 57) 

AST (U/L) 22 ± 1 21 ± 1 0.57 21 ± 1 

lnsulin 7.3 ± 0.4 8.0 ± 0.4 0.36 75 ± 0.5 (mUIU 

Adiponectin 12.3 ± 0.4 115 ± 0.4 0.21 13.7 ± 05 
(µg/mU 

TNF 
0.8 ± 0.02 0.9 ± 0.03 0.16 0.8 ± 0.03 (pg/mLl 

Leptin 
32.3 ± 22 35.l ± 2.8 0.44 39.9 ± 2.6 (ng/mLl 

HOMA- 1.8 ± 0.1 1.8 ±0.1 0.69 1.8 ± 0.2 IR 

CRP 2.4 ± 0.3 2.8 ±03 0.31 2.6 ± 0.3 
(µg/mU 

>5 servid 
(11 = 66) 

p Value 2 

20 ± 1 0.33 

7.4 ±05 0.93 

12.9 ± 0.5 0.35 

0.8 ± 0.04 0.95 

453 ± 3.6 0.22 

1.7 ±0.1 0.61 

3.1 ± 0.4 0.41 

<3 servid 
(11 = 39) 

24 ± 1 

7.0 ± 0.7 

8.9 ± 0.5 

>5 servid 
(11 = 24) 

24 ± 1 

9.0 ± 1 

8.6 ±05 

0.8 ± 0.02 1.0 ± 0.06 

12.6 ± 1.6 14.1 ± 1.7 

1.7 ± 0.2 2.2 ± 02 

1.8 ± 0.4 2.3 ± 03 

pValue 3 

0.72 0.14 <0.001 

0.()1) 0.59 0.13 

0.67 <0.001 <0.001 

0.009 0.99 0.01 

0.52 <0.001 <0.001 

0.15 0.75 0.06 

0.41 0.21 024 

Variables are expressed as mean ± SE for quantitative variables andas numbers of cases for q ualitative variables. Differences between 
groups were assessed by 1-test or Mann- Whitney test (METu, g lucose, adiponectin, ALT, AST, TNFa, HOMA-IR and CRP) according 
to the dis tribution of data and quantita tive values variables were assessed by Chi-squared . Serv / d ay: servings per day. ALT: alanine 
aminotransferase, AST: aspartate arninotransferase, BMI: body rnass index, CRP: e-reactive p rotein, DBP: diastolic blood p ressure, HDL-c: 
hihg density lipoprotein cholesterol, HOMA-IR: homeostatic model assessment for insulin resistance index, LDL-c: low density lipüprotein 
cholesterol, MD: Mediterranean diet, MET: metabolic equiva len! of tasks, SBP: systolic blo od p ressu re, Serv / d: servings per day, TNF: 
tumor necrosis factor alpha, TSH: thyroid-stimulatin g hormone, UPF: ultra-p rocessed food. Each variable was analyzed using total UPFs 
consumption adjus ted for BMI, age and energy intake, except d ifferences in age, BMI, weight, energy form UPFs and total energy. p values 
w ere obtained using 1-test or Mann-Whitney test (according to the normality of the data) for quantitative variab les and ch i squ are for 
qualitative variables. 1 p value of the comparison between subjects w ho consumed less than 3 servings per day of U PF a nd more than 5 
in whole population. 2 p value of the comparison between w omen wh o consumed less than 3 servings per da y of UPF and more than 5. 
3 p value of the comparison between men who consumed less than 3 servings per day of UPF and more than 5. 4 p value of the comparison 
between w omen and men who consumed less than 3 servings per day ofUPF. 5 p value of thecomparison between women and men who 
consumed more than 5 servin gs per day of UPF. Significan! values a re in bold type. 

3.2. Consumption of the Different Groups of Ultra-Processed Food 

Table 2 shows the averages of consumption for each UPF group in the whole popula
tion, women, and men, depending on the consumption of less than 3 UPFs per day and 
more than 5 (adjusted by BMI, age and energy intake). Regarding the consumption of the 
adjusted UPF in the whole population, significant differences were found in every group 
of food (excepting cereals and alcohol), showing that the participants who consumed more 
than 5 servings/ day of UPF ate more from almost ali groups of UPFs (Table 2). Similarly, 
the women who consumed more than 5 adjusted UPF show ed a significant increase of 
consumption in every group of UPF, excepting cereals, margarine, ready-to-eat food and 
alcohol (Table 2). The men who consumed more than 5 adjusted UPF showed a significant 
increase in industrially p rocessed meat, fried food, ready-to-ea t products, cookies, pas
tries and SSB. However, the consumption of industrially processed dairy products was 
significantly higher in the men who consumed less than 3 servings/ day of UPF (Table 2). 

The comparison between men and women who consumed less than 3 adjusted UPFs 
revealed significant differences in alcohol consumption, being higher in men. On the other 
hand, men and women who consumed more than 5 adjusted UPFs presented significant 
differences in industrially p rocessed meat (more consumed by women), alcohol and SSB 
(more consumed by men). The consumption of industrially processed dairy, cereals, pizza, 
margarine, fried food, cookies, light products, ready products, mayonnaise and pastries 
was similar in both sexes. 
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Table 2. Servings per day of the different groups of UPF separated by sex. 

\'\'ornen Men \"lomen-Men < 3 Women-Men > 5 

Servings/day <3 seiv/d >5 servid pValue 1 <3serv/d >5serv/d p Value 2 p Value 3 p Value' 

Dairy 0.1 ±0.01 03 ± 0.08 <0.001 0.23 ± 0.04 0.16 ± 0.02 <0.001 0.98 0.94 
consumption 

Meat 0.7 ±0.03 1.4 ± 0.1 <0.001 0.7 ± 0.2 1.2 ± 0.1 <0.001 0.61 0.02 consumption 

Cerea Is 0.02 ± 0.01 0.06 ± 0.02 0.28 0.13 ± 0.08 0.24± 0.12 0.21 0.69 0.34 consumption 

Pizza 0.07 ±0.007 02 ± 0.05 <0.001 0.1 ±0.01 0.08 ± 0.02 0.64 0.31 0.09 consumption 

Margarine 
consumption 0.05 ± 0.01 0.1±0.04 0.48 0.16 ± 0.07 0.06 ± O.ü.3 0.005 0.07 0.58 

Fried 0.1±0.009 02 ± 0.03 <0.001 0.13± O.ü.3 0.24 ± 0.02 0.001 0.33 0.32 
consumption 

Cookies 0.1 ±0.02 0.7 ± 0.1 <0.001 0.36 ± O.lS 0.76 ± 0.07 <0.001 0.59 0.29 consumption 

Light products 
consumption 0.07 ± 0.01 0.6 ± 0.1 <0.001 0.07 ± 0.13 0.29 ± O.ü.3 0.06 0.% 0.66 

Ready-to-eat 
food O.OS ±0.006 0.08 ± 0.02 0.26 0.03 ± 0.009 0.08 ± 0.02 0.009 0.88 0.79 

consumption 

Mayonnaise 
consumption o.os ±0.005 0.1±0.02 0.04 0.08 ± O.ü.3 0.13 ± 0.02 0.02 0.61 0.11 

Alcohol 0.03 ±0.008 O.ü.3 ± 0.009 0.98 0.11±0.ü.3 0.22 ± 0.06 O.lS 0.002 <0.001 consumption 

Pastries 0.7 ±O.OS 2.4 ± 03 <0.001 0.85 ± O.lS 22 ± 0.31 <0.001 0.13 0.23 
consumption 

SSB 0.09 ± 0.01 03 ±O.o? <0.001 0.19 ± 0.05 0.43 ± 0.13 <0.001 0.16 <0.001 
consumption 

Variables are expressed as mean ± SE. Differences between g roups were assessed by M ann-Whitney test due to the n on-parametric 
dis tribution of data. Serv / d: servings per day. G roups of UPFs refer to indus tria lly processed dairy, meat, p izza, fried food, cookies, pastries 
and breakfast cerea Is. SSB: industrially processed s ugar-sweetened beverages. p values were ob ta ined using !- test o r Mann-Whitney test 
(according to the normality of the data). 1 p value of the comparison between women who consumed less than 3 servings per da~ of UPF 
and more than 5. 2 p value of the comparison between men who consumed less than 3 servings per day of UPF and more than 5. p value 
of the comparison between women an d men who consumed less than 3 servings per day of UPF. 4 p value of the comparison between 
women and men who consumed more than 5 servings per day of UPE Signiiicant values in bold type. 

3.3. Analysis of Gut Microbio ta Diversity According to Adjusted UPFs Consumption 

The analysis of microbio ta was evaluated with the sum of UPFs consumption (serv / d) 
adjusted by BMI, age and energy intake in arder to avoid potential confounders. The analy
sis of gut microbio ta richness between subjects who consumed less than 3 servings/ day of 
UPFs and more than 5 showed no significant differences in the whole population (p = 0.31) 
and in women (p = 0.51). However, men who consumed more than 5 serv/d of UPFs 
showed a significant lower richness value compared to men who consumed less than 3 
(p = 0.01). The ana lysis of alpha diversity in the whole population showed no significant 
differences when evaluated by Shannon (p = 0.61) and Chaol (p = 0.38). Similarly, no 
significant d ifferences in alpha diversity were found in the female subpopulation u sing 
Shannon (0.82) and Chaol (p = 0.66). However, the men who consumed more than 5 serv / d 
of UPF presented a significantly lower alpha diversity when assessed by Shannon (p = 0.04) 
and Chaol (p = 0.03) indexes (Figure 1). 

Beta diversity presented no significant differences in any group. 
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Figure l. Richn es.5 measured as observed counts (left), Shannon diversity (middle) and Chaol index 
(right), categorized according to the consurnption ofUPFs adjusted by BMI, age and energy intake for 

women (A) and men (B). Men who consurned more than 5 UPFs showed significantly lower richness 

and alpha diversity. Orange boxes represent women (A) and men (B) who consurned less than 
3 serv /d of adjusted UPFs, and blue boxes represent the group that consurned more than 5 serv / d of 

adjusted UPFs. 

3.4. Analysis of Cut Microbio ta Composition According to UPF Consumption 

Table 3 shows the comparison of the gut microbiota profile between the population 
who consumed less than 3 serv / d of adjusted UPF and more than 5 (Table 3) by using 
EdgeR. The participants who consumed more than 5 serv / d presented significan ti y higher 
abundance of Gemmiger, Granulicatella, Parabacteroides, Shigella, Bifidobacterium, Anaerofilum, 
cc_115, Oxa/obacter and Collinsel/a genera. On the other hand, Lachnospira and Roseburia 
genera were underrepresented in the subjects who consumed more than 5 serv / d of ad
justed UPFs. At family leve!, Carnobacteriaceae, Oxalobacteriaceae and Bifidobacteriaceae 
presented a significantly higher abundance in subjects who ingested more than 5 serv / d. 
At order leve!, Bifidobacteriales were overrepresented and Pasteurellales were under
represented in subjects who consumed more than 5 serv /d. At class and phylum leve!, 
Actinobacteria class and Actinobacteria phylum were significantly overrepresented in the 
group who consumed more than 5 serv / d of UPFs (Table 3). 
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Table 3. Bacteria! taxa significantly different between subjects who consumed less than 3 serv /d of 
adjusted UPFs and more than 5 (from genus to phylum) analyzed by EdgeR. 

Bacteria Name Log2FC pValue FD R 

Genus 

Gemmiger 2.163 1.1 X 10-9 7.11 X 10-S 

Granulicatella 1.759 6.4 X 10-7 1.98 X 10-S 

Parabacteroides 0.969 1.9 X 10-4 0.002 

Shigella 1.622 5.6 X 10-4 0.008 

Bifidobacterium 1.075 7.0 X 10-4 0.008 

Anaerofilum 0.786 0.001 0.01 

Lachsnopira -1.034 0.003 0.02 

Roseburia -0.746 0.003 0.02 

Cc_115 0.777 0.007 0.04 

Oxalobacter 1.055 0.008 0.04 

Collinsella 0.735 0.008 0.04 

Family 

Camobacteriacea 1.772 4.69 X 10-7 1.54 X 10-S 

Oxalobacteraceae 1.324 6.59 X 10-4 0.01 

Bifidobacteriaceae 0.919 0.003 0.03 

Order 

Bifidobacteriales 1.125 3.81 X 10- 4 0.006 

Pasteurellales -1.180 0.005 0.04 

Class 

Actinobacteria 0.852 8.86 X 104 0.01 

Phy lum 

Actino bacteria 0.852 8.86 X 10-4 0.01 
Log2FC: logarithm 2 fold change (pasitive valuewhen the abundance increases in group ofconsmnption >5 serv / d 
of adjusted UPFs); FDR: False Discovery Rate. 

The analysis of the gut microbiota profile separated by sex showed distinctive results. 
On the one hand, women (Table 4) who consumed more than 5 serv / d of UPFs p re

sented a significant increase in Acidaminococcus, Butyrivibrio, Gemmiger, Shigella, Anaerofilum, 
Parabacteroides and Bifidobacterium. However, Melainabacter and Lachnospira were signifi
cantly less abundant in women who consumed more UPFs. No significant differences were 
found at family leve!, but at order leve!, Enterobacteriales and Bifidobacteriales showed an 
significant increase of abundance in women who ate more than 5 serv /d. Actinobacteria 
class was also more abundant in women who consumed more than 5 serv / d. 
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Table 4. Bacterial taxa significantly different between women who consumed less than 3 serv / d of 
adjusted UPFs and more than 5 (from genus to phylum) analyzed by EdgeR. 

Bacteria! N ame Log2FC pValue FDR 

Genus 

Acidaminococcus 4.022 4.92 X 10-9 3.0 X 10-7 

Butyrivibrio 2.899 4.17 X 10-7 1.3 X 10-S 

Gemmiger 2.34 6.25 X 10-7 1.3 X 10-S 

Shigella 2.171 2.14 X 10-4 0.003 

Anaerofilmn 1.228 3.4 X 10-4 0.004 

Parabacteroides 1.018 0.002 0.02 

Melainabacter -1.976 0.002 0.02 

Laclmospira -1.321 0.003 0.02 

Bifidobacterium 1.052 0.006 0.04 

Order 

Enterobacteriales 1.682 0.002 0.03 

Bifidobacteriales 1.079 0.004 0.03 

Phy lum 

Actinobacteria 0.860 0.006 0.04 
Log2FC: logarithm 2 fold change (pcsitive value when the abundance increases in group of consumption >5 serv / d 
of adjusted UPFs); FDR: False Discovery Rate. 

On the other hand, men (Table 5) who consumed more than 5 serv / d of adjusted 
UPF presented a significant increase of abundance in Granulicatella and Blautia genera, but 
a decrease in Anaerostipes. At family level, Camobacteriaceae, Bacteoroidaceae and Pep
tostreptococcaceae were significantly more abundant in men who ate more UPF. Bacteroidia 
and Bacteroidetes also showed a significant higher abundance in this group. 

Table 5. Bacteria! taxa significantly different between men who consumed less than 3 serv / d o f 

adjusted UPF and more than 5 (from genus to phylum) analyzed by EdgeR. 

Bacteria! N ame log2FC pValue FDR 

Genus 

Anaeros tipes -4.361 3.04 X 10-7 1.88 X 10-S 

Gra1111llicatella 3.019 7.94 xl0-6 2.46 X 10-4 

Blautia 1.231 0.002 0.04 

Family 

Camobacteriaceae 2.71 2.2 X 10-S 7.23 X 10-4 

Clostridiaceae -1.313 0.002 0.03 

Bacteroidaceae 1.023 0.002 0.03 

Peptostreptococcaceae 1.443 0.005 0.04 

Class 

Bacteroidia 0.804 7.37 X 10-4 0.01 

Phylum 

Bacteroidetes 0.799 1.1 X 10-4 8.84 X 10-4 

Log2FC: logarithm 2 fold change (pcsitive value when the abundance increases in group of consumption >5 serv / d 
of adjusted UPFs); FDR: False Discovery Rate. 
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Supplementary Tables 53-SS shows the set of non-significant bacteria found between 
groups of UPFs consumption in whole population, women and men, respectively. 

3.5. Analysis of Associations between Bacteria/ Taxa and Groups of UPFs 

Due to the distinctive results of the microbiota analysis, the relationship between 
bacteria! taxa and the consumption of the di.fferent groups of ultra-processed products 
were studied separated by sex. Figure 2A,B sh ow the correlation between groups of UPF 
with the significant bacteria found in all women and men (without categorizing by adjusted 
UPF consumption). In women, the consumption of industrially processed dai.ry products 
and pizza showed a positive and strong association with Bifidobacterium, Bifidobacteriales 
and Actinobacteria (class and phylum). However, the correlation matrix showed different 
results in men (Figure 28 ), where Bacteroidia (class) and Bacteroidetes (phylum) presented 
a significant positive correlation with i.ndustrially p rocessed meat consumption. 

B. 

.. .. • ••• Cor dairy . .. • •••••• Cor 

••• •• • >35 mcat • • ·- 311 
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Figure 2. Correlation analysis of the significan! bacteria( taxa related to different types of UPFs in women (A) and in men 
(B). Spearman correlation coefficients and the corresponding P values were calculated based on comparisons of the relative 

abundance from genus to phylum and the consumption per day of UPF groups. • Adjusted p <O.OS. Correction for multiple 

comparisons used the false discovery rate (FDR; threshold of 0.05). lndustrially processed dairy consumption includes 

cream, smoothies, milk drinks with or without flavors, flavored yogurts, custard, puddings and ice-creams; industrially 
processed mea! consumption includes ham, smoked bacon, chorizo, mortadella, salami, sausage, hamburger, pate, spicy 

sausage, black pudding mortadella and meatballs; cookie consumption includes cookies and chocolate cookies; ready-to-eat 

food consumption includes instan! soups and creams, instan! pasta, croquettes and powdered soups and purees; pastries 
consumption: packaged buns, pre-prepared pies, prepared cakes, muffins, doughnuts, croissant or other business-type 

pastries, churros, chocolates and candies, nougat and marzipan. 

In women, Actinobacteria phylum, Bifidobacteriales (an order from Actinobacteria) 
and Bifidobacterium (a genus from Bifidobacteriales) presented significant and positive 
assodations with industrially processed dairy products and pizza consumption. The 
relation between these bacteria and these UPF groups was checked through tertiles of 
consumption, as shown in Figure 3, showi.ng that the tertile 3 (higher consumption of 
pizza and dairy) also presented a higher abundance of Bifidobacterium, Bifidobacteriales 
and Actinobacteria. 
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Figure 3. Box plot of differences in Bifidobacteríum abundance according to tertiles of ultra-processed pizza consumption 
(A) and the correlation analysis (B) in women. Box plot of differences in Actinobacteria abundance according to tertiles 

of ultra-processed dairy consumption (C) and the correlation analysis (D ) in women. The Y axis represents the relative 

bacteria! abundance and the X axis represents the tertiles 1and3 of UPFs consumption. Only shown Bifidobacteríum genus in 

assodation with pizza consumption dueto the similarities with Bifidobacteriales and Actinobacteria. Differences between 
tertiles were assessed by Mann-Whitney test. 

In men, Bacteroidetes phylum and Bacteroidia class presented significant and positive 
correlation with industrially processed meat consumption. The rela tion between these 
bacteria and industrially processed meat consumption was analyzed through tertiles of 
consumption, as shown in Figure 4. Tertile 3 (higher consumption) showed a higher 
abundance of Bacteroidia and Bacteroidetes. 
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Figure 4. Box plot of differences in Bacteroidetes abundance according to tertiles of industrially processed meat consumption 

(A) and the correlation analysis (B) in men. The Y axis represents the relative bacterial abundance and the X axis represents 
the tertiles 1and3 of UPFs consumption. Only shown are Bacteroidetes, dueto similarities with Bacteroidia. Differences 

between tertiles were assessed by Mann-Whitney test. 

4. Discussion 

In this study, the effects of UPFs consumption on gut microbiota (with putative 
consequences on health) was studied in a Spanish population, ta king into account the 
differences between sexes. In recent years, unhealthy diets (characterized by a low intake 
of legumes, whole grains, nuts, fruits and seafood) are rising around the globe, together 
with a high intake of industrially processed products. In this regard, the sales of UPFs have 
hugely increased between 2000 and 2013. Actually, sales of these products in Spain rose by 
18.5% during this period [47]. This increase in UPFs consumption has been associated with 
different health problems, including higher risk of cardiovascular disease, cerebrovascular 
disease, depression and ali-cause of mortality [48]. 

In our Spanish population, we have observed significant differences in anthropometric 
and biochemical values according to UPFs consumption. In the whole population, subjects 
who consumed more than 5 UPFs presented higher values of total energy intake, BMI, 
weight, waist and hip circumference,. fat mass and trig lycerides. These results are in 
line w ith previous investigations that evidenced the close relationship between UPFs 
consumption and obesity [49]. As shown in the SUN cohort, participants with a high leve! 
of consumption (in the highest quartile) presented a higher risk of developing overweight 
or obesity compared to participants with low consumption [9]. Participants who consumed 
more UPFs also presented more cases of depression and anxiety. Positive associa tions 
have been found in the literature between UPFs consumption and the risk of depressive 
symptoms, which are strongest in people w ith lower exercise levels [11,50,51]. 

Similarly, total energy intake, weight and hip circumference were significantly higher 
in the women who consumed more UPFs, showing the positive association between UPFs 
and the development of obesity. More cases of depression and anxiety were a lso found 
in the group of women who consumed more than 5 UPFs. A study in Swiss women also 
evidenced the association between the UPFs consumption and excessive body weight [52], 
but more studies are needed to understand the effects of UPFs consumption in women. 

In men who consumed more than 5 UPFs, energy intake, BMI and body weight were 
also significan ti y higher, but unlike women, they also presented higher values in severa! 
biochemical parameters (triglycerides, ALT and TNFcx). In th is context, the consump
tion of UPFs has also been linked to an increase of inflammatory status. For example, 
Nestares et al. (2021) found that a high consumption of UPFs accompanied by low physi
cal activ ity levels resulted in a worse inflammatory profile [53]. However, studies on the 
effects of UPFs in male subjects are very scarce. 
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Interestingly, we found that the energy intake from UPFs was 22.8% in whole popula
tion, 21.5% in women and 26.3% in men. The increase in the percentage of energy from 
UPFs is accompanied by a reduction in the adherence to Mediterranean diet. These finding 
are in line w ith a recent study showing that, compared to a diet free from UPFs, a high 
UPFs diet (with >80% of UPFs) triggered an increase in energy intake of proxirnate 500 kcal 
per day. Moreover, this study showed that, in two weeks, participants exposed to the 
high UPF diet gained 0.9 kg compared to participants exposed to the non-UPF diet, who 
lost 0.9 kg. The poor nutritional quality of UPFs, the hyper-palatable taste and the use of 
artificialized matrices with the subsequent effect on satiety feeling have been associated 
with an increased risk of obesity, which has been attributed to their high content in total fats, 
saturated fats, and free sugars, [54], and also the use of additives, sorne of them linked to 
the deleterious effects of UPFs [55,56]. In this regard, investigations can be found studying 
additive exposure and long-term potential effects in humans [56]. 

Moreover, although the impact of diet on microbiota composition has been largely 
evidenced in the literature, the effects of UPFs on gut microbiota have not been deeply studied. 

Dietary modifications can have a direct irnpact on the gut microbiota diversity and 
functionality. The environment created in the gut by a high consumption of UPFs, a 
hallmark of the Western diet, rnight contribute to the deleterious effects of these foods 
on low-grade systemic inflammatory and oxidative status and even neurodegenerative 
diseases [57]. 

The results of this investigation showed that alpha diversity decreased in men who 
consumed a higher quantity of UPFs. The d iversity and composition of gut microbiota 
presents a greater degree of affectation in indiv iduals who consum e low-fiber diets. Al
terations in the diversity and composition of the microbiota may lead to an irnbalance in 
the production of short chain fatty acids and other postbiotics, which contributes to the 
proinflammatory characteristic of chronic metabolic d iseases [58]. No significant results 
were found in Firmicutes-Bacteroidetes ratio. Although sorne studies related this ratio w ith 
obesity, this finding shows that this is still not clear [59]. 

The effects of UPF on gut rnicrobiota need more investigation since information about 
rnicrobiota components and UPF is still scarce. In fact, the results found in females who 
consumed more than 5 serv / d of adjusted UPFs included groups of bacteria that ha ve 
no link w ith UPF in the literature. H owever, sorne of these have been studied in relation 
w ith Western diet. For example, the genus Shigella was found to be positively associated 
with a Western diet in the pioneer study of de Filippo et al. (2010) [22]. Parabacteroides is 
another genus significantly overrepresented in women who consumed more UPFs. The 
association of Parabacteroides w ith UPF is not clear but a recent study in adolescents has 
shown that SSB consumption elevated fecal abundance of Parabacteroides, which negatively 
correlated w ith memory task performance [60]. Enterobacteriales also increased w ith the 
consumption of UPFs in women. This order includes bacteria that ha ve been related with 
dysbiosis, gut inflammation and the development of inflammatory bowel disease [61 ]. 

On the other hand, Melainabacter has been described as a beneficia! genus for the host 
dueto the production of vitamin K and for the digestion of plant fibers [62]. In women who 
consum ed more UPFs this genus showed a decrease in abundance. Sirnilarly, Lachnospira 
showed a decrease in women who consumed more UPFs. Sorne publications suggest that 
this genus increases when the adherence to Mediterranean d iet is high [63]. 

Actinobacteria, Bifidobacteriales and Bifidobacterium showed an increase in women 
who consumed more UPFs. This group of bacteria was also significantly associated w ith 
the consumption of industrially processed dairy products and pizza in women. lt is well
known that diets high in fermentable carbohydrates are usually associated w ith h igher 
relative abundance of Biftdobacterium, w hich is capable of degrading polysaccharides, 
oligosaccharides and sugars. Other food ingredients p resent in UPFs, such as certain 
low-calorie sweeteners, can also favor Biftdobacterium [64]. Dairy-related Bifidobacteria 
(belonging to the Actinobacteria phylum) are used in an extensive variety of probiotic dairy 
products, such as milk, cheese, and frozen dairy products [65]. A high consumption of these 
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products (although sorne of them are UPFs) may contribute to the increase of Bifidobacterium, 
although more investigations are needed. On the other hand, the relation between the 
consumption of pizza and higher levels of Biftdobacterium is unclear, although the high 
number of polysaccharides in this food might be related. Moreover, sorne studies suggest 
that women presenta high abundance of Biftdobacterium in comparison with men [66]. 

In our study, those men who consumed more UPFs presented a higher abundance of 
Granulicatella, a genus that has been previously associated with obesity and Blautia, a genus 
previously associated with fat accumulation [67]. The family Carnobacteriaceae, which 
has been also related to obesity (68], was overrepresented in men who consumed more 
UPFs (68]. Men who consumed more than 5 serv / d of UPFs (adjusted) also presented a 
higher abundance of Bacteroidaceae (family), Bacteroidia (class) and Bacteroidetes (phy
lum). Sorne publications suggest that very high-fat diets are able to increase bile-resistant 
organisms, such as sorne members of the Bacteroidetes phylum (69]. Nevertheless, the 
relation between Bacteroidetes and the consumption of industrially processed meat in men 
is not clear in the literature. 

Moreover, the addition of chemicals (not only non-sugar sweeteners, but also emul
sifiers, preservatives, colorings and anti-oxidants) to UPF for improving appearance, 
longevity or taste could interact with the gut microbiota. In this regard, studies in mice have 
shown that additives such as emulsifiers (carboxymethylcellulose and polysorbate-80) can 
induce low grade inflammation, destruction of the mucus layer, epithelial encroachment, 
alteration in species composition (decreasing bacteria! diversity) and colitis in wild type 
mice (70,71]. 

The reason why sorne bacteria presented a higher abundance in women and others in 
men needs more investigation in order to clarify the role of sex in the intricate relationship 
between diet and microbiota. In this context, an estrogen-gut microbiome axis has been 
proposed [72]. The gut microbiota regulates estrogen levels through the secretion of f3-
glucuronidase, an enzyme that deconjugates estrogens into their active forms. It has been 
proposed that a dysbiosis characterized by lower microbial diversity might impair this 
process, decreasing deconjugation and reducing circulating estrogen levels. On the other 
hand, it is known that the composition of the gut microbiota is directly influenced by sex 
hormones. For example, 17(3-estradiol supplementation is able to change gut microbiota 
diversity and the Firmicutes/ Bacteroidetes ratio in male mice [73]; and changes in the sex 
steroid balance (i.e., circulating estradiol to testosterone ratio) have been linked to altered 
gut microbiota composition including the Firmicutes to Bacteroidetes ratio [74]. 

In this context, making healthy foods from raw material available and affordable is 
essential to reduce the consumption of UPF, which consequently will trigger a positive 
effect on gut microbiota. 

This study has sorne limitations. The FFQ used was not exactly designed to collect data 
on UPFs, although most of the well-known UPFs are included. Therefore, sorne UPFs such 
as energy bars, energy drinks, meat or vegetable nuggets were not included. Variables were 
adjusted for possible confounders (age, BMI and total energy intake), but other potential 
confounders may also have an influence. Our sample is relatively small and the population 
cannot be completely representative of the general population (only recruited subjects 
from Navarra, Spain). In addition, the cut-off value chosen in this study was less than 
3 servings per day of UPFs and more than 5 in order to obtain two well-defined and 
balanced groups for carrying out the comparison analyses of the gut microbiota. However, 
we are aware that results could change depending on the criteria followed for establishing 
the comparison groups. The lack of references in the literature to gut microbiota and UPFs 
consumption may also make the choice of an adequate cut-off point difficult. 

To the best of our knowledge, this is the first study evaluating the rela tion between 
UPFs consumption and microbiota taking into account differences between sexes in a 
Spanish population. Investigations about the effect of UPFs on gut microbiota taking into 
account the role of sex are paving the way for the future. 



 Results (Chapter 3) 

 119  

 

N11trients 2021, 13, 2710 17 of20 

We used validated rnethods and the analysis was adjusted for potential confounders. 
Furtherrnore, the NOVA classification ra nks food categories according to the extent and 

purpose of food processing, instead of in terrns of nutrients. lt is a recognized and useful 
classification for conducting nutritional research [6]. 

5. Conclusions 

This study suggests that a consurnption higher than five servings per d ay of UPF rnay 
affect gut microbio ta cornposition differently in wornen and rnen. This work evidences that 
the consurnption of UPFs may affect gut microbiota composition in a different m anner de
pending on sex, which rnight be a rnechanisrn in volved in the risk for different diseases. We 
also evidenced that sorne bacteria were associated w ith specific groups of UPFs. However, 
further research is needed to confirrn these observations. 
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Gammaproteobacteria -0.70793 0.36542 0.48723 

Deltaproteobacteria -0.25603 0.62015 0.76326 

Coriobacteriia 0.15831 0.75642 0.86448 

Eiysipelotrichia -0.047767 0.9211 0.94883 

Oostridia 0.012021 0.94883 0.94883 

Phylum 

Actinobacteria 0.89132 0.032458 0.12983 

Lentisphaerae -1.3896 0.051135 0.13636 

CyanobacteriaMelainabacteria 1.1834 0.15378 0.30755 

TM7 0.57946 0.20678 0.32011 

Firmicutes 0.16061 0.24009 0.32011 

Proteobacteria 0.32024 0.32597 0.37253 

Log2FC: logarithm 2 fold change (positive value when the abundance increases in group of consumption 

>5 serv/d of adjusted UPFs); FDR: False Discoveiy Rate. 
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General Discussion 

 

Obesity is a multifactorial disease, where many factors are involved. A major contributory 

factor is the consumption of high-caloric diets, accompanied by sedentary habits (Hruby 

and Hu, 2015). Efforts in scientific research have two major challenges. On one hand, it 

is essential to understand the surrounding mechanisms in the physiopathology of 

obesity. In this regard, finding new therapeutic targets for effective treatments to improve 

individual’s life quality is a key question in obesity research (González-Muniesa et al., 

2017). The increasing knowledge on the molecular mechanisms underlying obesity has 

favored the identification of new contributory factors, such as the gut microbiota. In fact, 

the interest of understanding gut microbiota function and the factors shaping its 

composition is growing. On the other hand, this information can be used by professionals 

for offering personalized treatments based on individual patient’s data (Ritz et al., 2019).  

The present investigation, through the application of metagenomics approaches, was 

conducted to investigate the interaction between gut microbiota and host genetics, 

effects dietary components and weight loss, as well as the identification of gut microbiota 

biomarkers for weight loss dietary prescription. More specifically, this research work 

sought, firstly, to understand the complex interaction between gut microbiota and host 

genetics in the context of obesity; secondly, to investigate the effects of UPFs 

consumption and weight loss on gut microbiota composition and functional profile 

according to sex; and thirdly, to elucidate the possibility to use gut microbiota as a 

promising approach for the selection of weight loss diets in order to achieve a more 

successful treatment against obesity for men and women.  

1. Interaction between gut microbiota and host genetics in the context of 
obesity  

The scientific literature evidences that most cases of overweight and obesity cannot be 

explained by specific isolated variables, although gut microbiota is a contributing factor 

(Stephens, Arhire and Covasa, 2018). As revised in Chapter 1, a large numbers of 

environmental factors (such as diet or lifestyle factors) have been described to be related 

with gut microbiota, having an impact on gut community. However, host factors have 

gained attention in the last years because they may play a role in shaping gut microbiota. 

Trying to shed more light on this issue, one of the main objectives of the present 

dissertation was to investigate the association between gut microbiota and host genetics 

for understanding interindividual differences on BMI (Chapter 2). Consequently, the 

study of gut microbiota composition and host genetics variants related to obesity can 

provide a new insight in personalized nutrition advice. In this context, the interaction 

between host genetics and microbiota is essential to understand the bacterial heritability 
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and up/down-regulation of bacterial abundance by host genes. This includes the study 

of host genetic factors such as SNPs, copy number variations (CNVs) and non-coding 

RNAs (Tabrett and Horton, 2020). However, the study of the impact of host genetics on 

shaping gut microbiota is complex due to the difficulties for controlling environmental 

factors in humans. In this regard, monozygotic and dizygotic twins have facilitated the 

study of the heritability of gut microbiota (assuming that twins are under similar 

environmental conditions). The study of Goodrich et al. found that the most heritable 

taxon was Christensenellaceae family. Furthermore, this taxon was enriched in 

individuals with low BMI, suggesting that heritable microbes can directly contribute to the 

host phenotype and that the microbial phenotype is additionally influenced by host 

genetics (Goodrich et al., 2014). Another study with 250 UK twins- was performed, 

showing heritability for many microbial taxa and also for functional modules in the gut 

microbiome, which can relate to the risk of complex diseases (Cahana and Iraqi, 2020). 

Another recent twin study found associations between high heredity microbial taxa and 

visceral fat accumulation, pointing out to host genetics as a potential mediator between 

obese complex phenotype and gut microbiome composition (Roy et al., 2017). Also, 

several non-twin studies have shown a significant bacterial similarity among genetically 

unrelated individuals who shared a household (Finnicum et al., 2019). However, the 

complexity of the microbiome structure and the strong environmental effects result in 

variability and inconsistency between the results of different studies. The association 

between LCT gene and the relative abundance of the Bifidobacterium (phylum 

Actinobacteria) is the only consistent finding that has been validated in subsequent 

cohorts (Goodrich et al., 2017; Cahana and Iraqi, 2020). Other approach in the study of 

genetics influence on microbiota has been addressed using β-diversity. It was argued 

that 42 SNPs can explain over 10 % of the β-diversity variance (Wang et al., 2016), but 

since further studies failed to replicate this, the association of any individual SNP with 

microbiome β-diversity is very limited. In contrast, when the associations with 

environmental factors related to diet and lifestyle were examined, they explained over 

20 % of the variance in microbiome β-diversity and thereby indicated greater 

environmental influence than genetic influence (Rothschild et al., 2018; Scepanovic et 

al., 2019). In this regard, some investigations have demonstrated that environmental 

factors dominates over genetics factors in gut microbiota (Rothschild et al., 2018).  

As mentioned, the complexity of gut microbiota and the difficulties for regulating 

environmental factors in human make difficult the understanding of the host genetics 

influence on gut microbiota composition. In this regard, the use of mouse models 

facilitates the control of environmental issues. Several studies in rodents have 

demonstrated a consistent and reproducible impact of host genetics on the gut 
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microbiome composition. For example, the genetic background has shown to be a 

stronger determinant on the mouse microbiome, since the similarity of microbiota 

composition within mouse lines was significantly higher than between different lines or 

within same-sex groups. A recent analysis of F1 hybrids generated from a reciprocal 

cross between two inbred lines (BALB/c, C57BL/6J) showed a greater genetic effect on 

the microbial composition than maternal effect or continuous exposure to different 

microbiota of the other line (Bowerman et al., 2021). These results support the 

hypothesis about the existence of a line-dependent bacterial signature that tends to 

maintain. In addition, several heritable microbial taxa such as Lactobacillus johnsonii 

were identified, in which their relative abundance was affected predominantly by host 

genetics (Cahana and Iraqi, 2020).  

Prevotellaceae family is usually enriched in subjects with high carbohydrate-diets and 

has been also associated with obesity in the literature (Chakraborti, 2015). The family 

Prevotellaceae includes two main genera: Prevotella and Paraprevotella. Especially the 

genus Prevotella has been cited in a myriad of publications associated with obesity. For 

example, Jang et al. found that a high consumption of Western food and less physical 

activity decreased Bacteroides and increased Prevotella (Prevotellaceae family), which 

was accompanied by a higher risk for obesity (Jang et al., 2017). Similarly, Prevotella 

genus was found to be increased in obese individuals (Serena et al., 2018) and 

associated with hypertension and TMAO-induced atherosclerosis. Results from the 

publication of  Zhang in post-gastric bypass subjects, demonstrated that obese 

individuals harbor unique H2-producing bacterial groups, particularly members of the 

Prevotellaceae family (Zhang et al., 2009). Interestingly, another study of our group 

based on the construction of a predictive model of inflammation status based on gut 

microbiota, found that Prevotellaceae was more abundant in subjects with high level of 

inflammation (Aranaz et al., 2021) (Appendix 5). Also, Prevotella seemed to be an 

interesting genus for determining weight loss process. The study of Hjorth et al. observed 

that subjects with no detectable Prevotella spp. responded differently and lost more body 

weight (Hjorth et al., 2019). 

Our study showed (using different statistical approaches) that Prevotellaceae family 

appeared overrepresented in subjects with overweight or obesity. Interestingly, 

Prevotellaceae family also presented a higher abundance in subjects with a high genetic 

risk score for obesity. Thus, Prevotellaceae was strongly associated with obesity and 

with the genetic risk score. Then, the interaction of this family with BMI and GRS was 

assessed. Our findings showed that women with higher Prevotellaceae abundance and 

higher GRS were more obese. Contrarily, women who presented a high GRS but low 

abundance of Prevotellaceae showed a low BMI. This interaction was not found in men, 
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evidencing that both factors, Prevotellaceae abundance and genetic risk for obesity, may 

be determinant for interindividual BMI differences in women. Prevotella genus has been 

previously associated with obesity in women. The study of Si et al. found 

that Prevotella is a key bacterial genus in vaginal dysbiosis under the influence of host 

genetics and revealed the specific functional role of Prevotella in obesity status. 

Nevertheless, the role of the family Prevotellaceae in women obesity remain unclear.  

On the other hand, the interaction between gut microbiota and host genetics has been 

traditionally carried out using one SNP (Cortés-Martín et al., 2020). However, in this 

chapter we proposed the use of a GRS. This GRS were composed by 10 SNPs 

associated with BMI and combining information from different obesity loci that could be 

more useful than the use of a unique SNP. The use of GRS has been previously reported 

in our group.  

We are aware that the present study is an exploratory validation for a proof-of-concept. 

In fact, a validation cohort should also be considered in further studies to confirm our 

model. However, our study showed the importance of highlighting the sex differences in 

gut microbiota and its potential implications in a gender-specific predisposition to certain 

diseases. Hence, identifying heritable microbes associated to obesity could lead to new 

strategies that would allow the personalization of treatments against obesity.  

2. Effects of diet and foods on gut microbiota: the example of ultra-
processed foods 

Although host factors are important to determine gut microbial composition, diet is 

considered the most potent modulator of the gut microbiota composition (Moles and 

Otaegui, 2020). In chapter 3, we aimed to evaluate the impact of the consumption of 

UPFs on gut microbiota composition.  

As mentioned, diet is a key regulator of microbiota composition. The introductory 

research (Chapter 1) of the present dissertation revised the effect of different types of 

diet on gut microbiota, including western diet. Associated to western diet, the 

consumption of UPFs has increased. The current dietary pattern is characterized by high 

consumption of UPFs and lower consumption of fiber and vegetables, dietary factors that 

are associated directly with the current incidence of chronic metabolic diseases (Andrade 

et al., 2021). The high consumption of UPFs is usually explained by their extreme 

palatability, long shelf-life and relatively cheap price (Martinez-Leo and Segura-Campos, 

2020). Also, some of them have been made for consuming anywhere at any time (for 

example, ready-to eat products or snacks). However, these foods are typically 

characterized by a poor nutritional profile and low content of fiber (Shi, 2019).  
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The association between the intake of UPFs and the risk of being overweight or obese 

was assessed in numerous studies. The NutriNet-Santé cohort study followed 110,260 

adults living in France for 10 years (2009–2019) and concluded that UPF intake was 

positively associated with risk of overweight and obesity, after adjusting for energy 

intake, age, sex, education, physical activity, tobacco and alcohol use, marital status, 

and number of 24-h diet records (Srour et al., 2020). These findings were consistent with 

the results of the Seguimiento Universidad de Navarra (SUN) Project, a Spanish 

prospective study wherein consumption of ultra-processed foods was also found to be 

associated with an increased risk of overweight and obesity (Mendoça et al., 2016). In 

another Spanish cohort, the Seniors Study on Nutrition and Cardiovascular Risk in 

Spain: Seniors-ENRICA-1 cohort (mean age 67.1±5.8 years), it was found that 

consuming UPFs increased participants' likelihood of having abdominal obesity, a risk 

factor for cardio-metabolic dysfunction (Matos, Adams and Sabaté, 2021). Similar results 

were obtained from a longitudinal study conducted in Latin America by Canhada and 

colleagues. This cohort consisted of 11,827 participants living in Brazil and, after 

adjusting for a variety and social and lifestyle factors, detected a significant positive 

association between UPF intake and being at an unhealthy weight as well as risk of 

gaining weight (Canhada et al., 2020). On the other hand, the study of Livingston et al. 

in children and adolescents in the USA showed that reducing UPF consumption had the 

potential to substantially reduce childhood obesity rate (Livingston et al., 2021). 

Also, a meta-analysis demonstrated that consumption of UPFs was associated with 

increased risk of all-cause mortality, metabolic syndrome and depression in adults (Lane 

et al., 2021). Many studies have also evidenced the negative impact of UPFs on mental 

health. Zheng et al. found a positive association between UPF consumption and the risk 

of depressive symptoms in US adults (Zheng et al., 2020). Similarly, Gomez-Donoso et 

al found a positive association between UPF consumption and the risk of depression that 

was strongest among participants with low levels of physical activity in the Spanish SUN 

cohort (Gómez-Donoso et al., 2020). In line with these results, we found significantly 

more depression and anxiety prevalence in subjects who consumed more than 5 

servings per day of UPFs. Similarly, subjects who consumed more UPFs presented 

lower levels of physical activity (evaluated by METs), although the results were not 

significant in our study.  

Furthermore, the negative impact of UPFs is visible on blood biochemical 

determinations. In our investigation, glucose, total cholesterol, LDL-cholesterol, ALT and 

AST were not significant between groups of consumption. However, significantly higher 

levels of triglycerides and lower levels of HDL-cholesterol were found in these subjects. 

In line with our results, a higher UPF intake has been negatively associated with HDL-c 
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levels and positively associated with triglyceride levels and dyslipidemia in a Brazilian 

adolescent cohort (Lima et al., 2020). A study in older adults showed that subjects in the 

high tertile of UPFs consumption presented hypertriglyceridemia and low HDL-

cholesterol (Donat-Vargas et al., 2021). These results, in concordance with our study, 

demonstrate that high consumption of UPFs are associated with incident dyslipidemia. 

This result is important to understand the relation between UPF and cardiovascular 

disease (Juul, Vaidean and Parekh, 2021). 

Although the deleterious effects of UPFs on host health have been largely evidenced, 

our main objective was to evaluate the relationship between UPF consumption and gut 

microbiota. Given that gut microbiota has a role in host health, consequently the impact 

in gut microbiota will also impact in the development of certain diseases. As mentioned, 

gut microbiota interplays with the host: acts as a barrier against pathogens, modulates 

gut permeability, energy extraction form fiber and immune system. An alteration of the 

microbiota increases predisposition of the host to diseases (Aurora and Sanford, 2015). 

Firstly, our study showed that the consumption of more than 5 servings per day of UPFs 

was associated with significant lower alpha diversity in men. The literature about the 

effects of UPFs on alpha diversity is scarce. However, studies about the effect of 

Western diet on gut microbiota evidenced a dramatical loss in bacterial diversity. 

Regarding microbiota composition, in this study we found that the consumption of more 

than 5 servings per day of UPFs affected gut microbiota differently in women and men.  

The most relevant results in women were that Gemmiger genus was more abundant in 

women who consumed more than 5 servings per day of UPFs. Interestingly, Gemmiger 

has been associated with obesity in Chinese adults (Zeng et al., 2019), and had also a 

positive association with gynoid fat ratio in females (Min et al., 2019). Also, Shigella 

genus was more abundant in women who consumed more UPFs. In this context, plasma 

samples of individuals with diabetes were found enriched in Enterobacteriaceae, 

including the pathobiont Escherichia–Shigella (Anhê et al., 2020). In the study of de 

Filippo et al., the African children presented lesser bacteria of the Enterobacteriaceae 

family (Shigella and E. coli), a higher proportion of Bacteroidetes and a smaller 

proportion of Firmicutes than the Italian children (de Filippo et al., 2017).  

In men, Granullicatella genus increased with the UPFs consumption in our study. 

Granulicatella has been associated with obesity, appearing in saliva samples of obese 

subjects. In this regard, Granulicatella, although considered to be a commensal member 

of the human oral and gut community, has been found in endodontic infections (Siqueira 

& Rôcas, 2006), dental abscesses (Robertson & Smith, 2009), and can also cause a 

variety of serious infections such as bacterial endocarditis and bacteraemia (Cargill et 

al., 2012). Raised salivary Granulicatella was also found linked to pancreatic cancer, 
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supporting the notion that certain oral bacteria may be implicated in oral inflammation 

and confer an increased risk of systemic disease (Farrell et al., 2012). Moreover, another 

recent study of our group demonstrated that Granulicatella, Parabacteroides, Shigella 

genera and Carnobacteriaceae family were more abundant in subjects with a high 

inflammatory index (Aranaz et al., 2021) (Appendix 5). These bacterial taxa also were 

significantly upregulated in subjects who consumed more UPFs, suggesting the possible 

negative effects on host health. Bacteroidia class was also found increased in men who 

consumed more than 5 servings per day of UPFs. Interestingly, in Chapter 2, this class 

was also found overrepresented in subjects with overweight or obesity in LEfSe analysis.  

However, the impact of UPFs on gut microbiota components needs more investigation. 

In fact, some of the bacterial taxa found in our study did not have a link with UPF in the 

previous literature. Moreover, the mechanisms by which UPFs can alter the gut 

microbiota are unclear, especially when taking into account the heterogeneity of the 

foods that are included in UPF definition.  

3. Effects of weight loss diets on gut microbiota composition and function 
As exposed above, diet seems to be a key contributor to modulation of gut microbiota. 

Although the effects of diet on gut microbiota remains under investigation, a parallel 

question about how gut microbiota is affected by weight loss diet is also critical. In this 

regard, understanding the effects of weight loss process on gut microbiota will contribute 

to know the potential of the manipulation of gut microbiota for achieving effective weight-

loss (Dhakal, McCormack and Dey, 2020). To date, there is no clear evidence about gut 

bacteria directly causing  weight loss in humans. In fact, the role of gut microbiota in 

weight loss process presents some questions. Firstly, changes in gut microbiota are 

associated to weight loss, but it is not clear to be cause or consequence (Rinninella et 

al., 2019). Moreover, the time duration of the weight loss treatment is an important factor 

for gut microbiota changes. After dietary interventions, gut microbiota shows a rapid 

change in composition in a few weeks, but also some studies indicated that a major shift 

requires long term dietary treatment, or even described no significant changes after 

weight loss (Leeming et al., 2019). In addition, due to the strong relationship between 

diet and microbiota, changes on gut microbiota composition after weight loss could be 

dependent on the type of diet followed (macronutrient distribution) (Grembi et al., 2020). 

In chapter 4, we studied how gut microbiota was affected after following a calorie 

restriction treatment for weight loss. Remarkably, our study compared two different types 

of hypocaloric diets: a moderately high protein (MHP) and a low fat diet (LF). For this 

purpose, 4 groups were established: women assigned to MHP diet (MHP-women), 

women assigned to LF (LF-women), men assigned to MHP diet (MHP-men) and men 
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assigned to LF diet (LF-men). This study showed that, after 4 months of weight loss 

intervention, gut microbiota composition presented distinctive changes depending on sex 

and type of diet. In fact, we found no coincidence changes between groups. Alpha and 

beta diversity were assessed in the whole population. Alpha and beta diversity increased 

in all groups, but only significantly in men when following the LF diet. In this regard, some 

studies have shown changes in gut microbiota diversity after weight loss. For example, 

the study of Frost et al. showed that, after six weeks of low-calorie diet, the gut microbiota 

diversity increased persistently (Frost et al., 2019). Taking into account that bibliography 

reported that gut diversity is reduced in obesity, the increment after weight loss can be 

considered as a beneficial impact (Singh et al., 2017). However, although the sample 

size of women was larger, 4 months of caloric restriction were not enough to find 

significant changes in alpha and beta diversity, independently of the type of diet.  

As mentioned above, no coincidences were found between groups, suggesting that 

following the MHP diet or the LF diet had completely different effects on gut microbiota.  

Interestingly, after the weight loss following the MHP diet, some bacterial taxa previously 

associated with obesity in the literature, presented a decrease. For example, 

Negativicutes class, which has been associated with obese T2DM patients (Ahmad et 

al., 2019), Selenomonadales order, which decreased in morbidly obese patients after 

RYGB (Wang et al., 2019) or Sutterella wadsworthensis, which has been associated with 

a mild pro-inflammatory capacity in human gut (Hiippala et al., 2016). Interestingly, in 

chapter 2, Negativicutes class and Selenomonadales order appeared in LEfSe as 

bacterial taxa overrepresented in overweight and obese subjects. Similarly, Oscillospira 

seemed to be overrepresented in normalweight subjects in chapter 2. After weight loss 

with MHP, the species Oscillospira capillosus increased the relative abundance. These 

results confirmed the beneficial impact of the weight loss process in certain gut bacterial 

taxa.  

On the other hand, participants who followed the LF diet showed changes in other 

microbial taxa. Bacilli and Lactobacillaceae (belonging to Bacilli class) showed an 

increase after the LF diet treatment. These bacterial groups contain a big number of gut 

probiotics (i.e., lactic acid bacteria), suggesting that this type of diet could increase 

beneficial bacteria in the gut.  

Moreover, the gut microbial community has an extensive metabolic repertoire that 

includes essential functions for host digestion and homeostasis (Rowland et al., 2018b). 

The serum and plasma metabolome contains biomarkers influenced by the gut 

microbiome and by lifestyle choices or diet. Thus, chapter 4 included an analysis of 

changes in functional profile associated to changes in microbial composition after dietary 

treatments. We found that microbiota changes after weight loss were also accompanied 
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by sex- and diet-dependent changes in genes abundance (KEGG Orthology, KO) related 

to important metabolic pathways and metabolites. Some of these important metabolites 

were previously found associated to weight regulation in other studies.  

For example, D-fructose-6-bisphosphate level increased in plasma samples of MHP-

men and was associated with weight and glucose regulation (Visinoni et al., 2012). It has 

also been related to an increase in hepatic glycolysis and the reduction of body weight 

and adiposity in obese mice (Tauzin et al., 2019). This finding suggests that this 

metabolite could be implicated in the reduction of body weight in MHP-men.  

Men who followed the LF diet presented a decrease in D-4-hydroxy-2-oxoglutarate. The 

4-hydroxy-2-oxoglutarate aldolase enzyme is involved in breaking hydroxyproline (a 

major component of the protein collagen) and producing glyoxylate and pyruvate (Riedel 

et al., 2012). Since pyruvate is likely involved in energy production, this suggests that D-

4-hydroxy-2-oxoglutarate could be a mediator for energy production from collagen but 

this mechanism is downregulated in LF-men. 

Other interesting metabolites were differentially found in men who followed the LF diet. 

This group presented a decrease in plasma uridine level. This metabolite plays a critical 

role in maintaining cellular function and energy metabolism, such as glucose 

homeostasis, lipid metabolism, and amino acid metabolism. A latest report showed that 

chronic or short-term uridine supplementation in mice could lead to an impairment of 

glucose tolerance and decreased insulin signaling. In our study, the LF-men showed a 

decrease in uridine and also showed a significant decrease in fasting glucose value, 

insulin and HOMA index after the weight loss intervention. 

Following these studies, identification of specific bacterial taxa and functions that are 

potentially associated with personalized host responses to various diets, may provide 

more precise microbiome-oriented targets in personalized nutrition. For example, an 

obese cohort receiving a calorie restriction diet suggested that the baseline abundance 

of a mucin-degrading bacterium, Akkermansia muciniphila, was associated with 

improved metabolic outcomes (Dao et al., 2016) 

4. The use of gut microbiota as a biomarker for precision weight loss  
After reviewing some of the factors that could be affecting the microbiota, the next 

objective was focused on gut microbiota biomarkers for the personalization of weight 

loss diets. In chapter 5, we tried to develop an integrative model using microbiota 

baseline composition and genetic information to prescribe the most suitable type of diet 

for a successful weight loss in subjects with overweight and obesity. Also, age and sex 

variables were integrated for estimating a personalized diet for a successful weight loss. 
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The most common treatment to combat obesity deals with hypocaloric diets. However, 

the response to dietary interventions is highly variable between subjects, suggesting that 

characteristics of the patients likely influence or may predict weight loss. In fact, general 

dieting schemes often result in failure and disappointment, increasing the incidence of 

obesity (Zmora, Suez and Elinav, 2018). Emergent evidences suggest that nutritional 

intervention produces person-specific responses, and these responses may be 

associated with baseline microbiome signatures (Walker et al., 2010; Lang et al., 2018). 

The recent advances in “omics” technologies have allowed to develop a personalized 

medicine and have a look into the different factors influencing weight loss individual 

variability (Kim et al., 2017). Using patients baseline information (such as ethnicity, age, 

sex, clinical history, biochemical parameters, eating behavior, food preferences, etc.) 

and phenotypic characteristics is possible to stablish individualized dietary prescription 

(Ferguson et al., 2016). In fact, the statistical mixed model suggested in this investigation 

was previously shown for weight loss using fasting glucose and insulin (Ritz et al., 2019).  

As mentioned, in this work a microbiota scores for weight loss diets decision were 

proposed. However, based on the observed microbiota differences between men and 

women in the previous chapters (chapter 2, 3 and 4), different microbiota scores were 

constructed for women and men. Also, separating by sex sought to improve the 

personalization of these models.  

Growing evidences in the literature are using gut microbiota baseline information in an 

integrative statistical model for personalized dietary responses. A study of Korpela et al. 

applied simple regression models to successfully predict both host and microbiota 

responses to a weight-control diet in obese patients, using the pre-treatment abundance 

of fecal microbiota (mainly from Firmicutes), as predictors (Korpela et al., 2014). In a 

cohort of 800 overweight/obese subjects in Israel, the high inter-individual variability in 

postprandial glycemic response could be predicted by incorporating microbiome features 

and host characteristics, including anthropometrics and dietary habits by using machine-

learning algorithms (Zeevi et al., 2015). Another study showed that the baseline gut 

microbiota was an important factor  in determining the diet-induced individual weight 

loss, where the abundance of Blautia wexlerae and Bacteroides dorei were the strongest 

predictors for weight loss (Jie et al., 2021). Others previous studies have shown an 

association between certain bacteria and greater weight loss in response to dietary 

interventions. For example, Christensen et al. (Christensen et al., 2019) suggested that 

adults with a higher baseline abundance of Prevotella species in their gut lost more weight 

than subjects with lower Prevotella, following the same whole gran diet. In fact, authors 

evidenced that adding more fibre without any calorie restriction can lead to weight loss in 

individuals with high abundance of Prevotella. In this line, similar results were obtained in 
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other publications of the same group, where subjects with high Prevotella abundance lost 

more body fat following a new Nordic diet (high in whole-grain/fibre) than the standard 

Danish diet. No fat loss was observed in those with a low baseline abundance 

of Prevotella species on the new Nordic diet (Hjorth et al., 2017). Also, the species 

Bacteroides eggerthi and Prevotella copri have been previously associated with a better 

response to weight loss (Dhakal, McCormack and Dey, 2020). Interestingly, our group 

found that B. eggerthi was more abundant in normal-weight subjects and was associated 

with circulating miRNA expression in the control of body adiposity (Appendix 4). These 

results suggest that an effective weight loss requires a match between diet, gut 

microbiota and host genetics factors, as shown in Chapter 1 and Appendix 4.  

Although some taxa found in this work have no link with obesity or weight loss in the 

present literature, our findings suggest that it could be consider as a biomarker of weight 

loss at beginning of a nutritional intervention. On the other hand, some bacteria were 

previously related to weight loss in other publications, however, to the best of our 

knowledge this work reported for the first time their possible use as a biomarker for 

personalized weight loss.  

Also, it is important to take into account that we proposed weight loss as the outcome 

variable of interest. However, the suggested statistical model can also be applied to other 

interesting variables (for example, glucose level). Moreover, this model can be improved 

adding metabolomic information (Quillen et al., 2020) or methylation profile (Ramos-

Molina et al., 2019).  

To the best of our knowledge our work provides pioneer information about the use of 

sex-specific microbiota scores together with genetic scores for deciding weight loss 

treatments. The interpretation and integration of multi-omics data throughout 

bioinformatics tools comports a better understanding of the complexity of obesity and will 

serve to address more effectively personalized weight loss treatments (Aleksandrova et 

al., 2020; Graw et al., 2021).  

5. The importance of sex in gut microbiota studies  
In the current study, we have observed a sex-specific behavior of gut microbiota. In fact, 

differences between sexes are repeated throughout the present dissertation. In chapter 

2, the interaction of Prevotellaceae family with host genetics in the context of BMI, 

appeared specifically in women. In chapter 3, the effects of UPFs consumption on gut 

microbiota were different between men and women. In chapter 4, the weight loss process 

triggered sex-specific changes on gut microbiota (and non-coincident). And finally, we 

also obtained separate decision algorithm for the most suitable type of weight loss diet 

(due to the gender differences in gut microbiota). Interestingly, the microbiota scores 
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constructed for men and women did not contain the same bacterial taxa. In this context, 

our investigations provide more light not only about the existing differences in baseline 

gut microbiota composition between men and women, but also effects of UPFs and 

changes after weight loss occur in a sex-related manner. These results evidenced that 

gut microbiota of men and women could be differentially benefited from MHP or LF diet. 

Moreover, our results provide evidences that sex should be consider a new main variable 

in gut microbiota studies in the context of obesity and body weight regulation, not as a 

simple adjustment variable. In this regard, taking into account sex in microbiota studies 

may contribute to better understand the sex-dependent interactions between the diet and 

gut microbiota, and also contribute on the personalization of weight loss treatment 

against obesity, using gut sex-specific biomarkers. A recent publication found that sex is 

an important factor explaining microbiota variance in patients with gastrointestinal 

diseases (Crohn’s disease and ulcerative colitis) (Clooney et al., 2021).  

As we explained in Chapter 1, gut microbiota is influenced by many factors from the way 

of birth to lifestyle in the adulthood, and resulting in inter-individuals differences in 

composition (Derrien, Alvarez and de Vos, 2019). Some of these factors can be 

endogenous, such as discussed on Chapter 2 with the influence of host genetics. 

However, in the last decades, the sexual component has increased attention as an 

important endogenous factor (Mayneris-Perxachs et al., 2020). In fact, a growing number 

of studies that took into account the sexual component found that the composition of the 

gut microbiota seems to be different between sexes, although the differences in microbial 

taxa are still inconsistent (Kim et al., 2020). In a Spanish study, the 

Firmicutes/Bacteroidetes ratio of the males was higher in the BMI≤33 kg/m2 group and 

lower in the BMI>33 kg/m2 group compared with females (Haro et al., 2016). At the genus 

level, the abundance of Bacteroides was significantly higher in the females when the 

BMI was >33 kg/m2 because the abundance of Bacteroides did not change in the 

females, whereas it decreased in the males with an increase of the BMI (Haro, et al., 

2016). In a Chinese study, the relative abundance of Fusobacteria was higher in Chinese 

obese males, whereas that of Actinobacteria was higher in the obese females (Gao et 

al., 2018). In the same study, at the genus level, the abundance of Bifidobacterium, 

Coprococcus, and Dialister was higher and that of Phascolarctobacterium was lower in 

the obese females, whereas the abundance of Fusobacterium was higher in the obese 

males. Another recent study in Spain showed the association between some of the 

typical foods of the Mediterranean diet (vegetables and nuts) with the abundance of 

bacterial taxa and health benefits. Interestingly, authors found that these association with 

dietary habits were sex- and age-dependent and in particular, females tended to adhere 

to healthier dietary patterns (Latorre-Pérez et al., 2021).  
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The reason why gut microbiota could be different between sexes remains unclear. It is 

well-know that certain fundamental aspects of metabolic homeostasis are regulated 

differently in males and females. For example, women tend to store fat in subcutaneous 

adipose tissue, but in men is more common the visceral fat deposition (Santos-Marcos 

et al., 2019). Some studies suggest that sex differences in gut microbiota between sexes 

are driven by the sexual hormones, which in turn contribute to sex differences in 

immunity and susceptibility to infections and chronic diseases (Ma and Li, 2019). Several 

studies have discovered a bidirectional crosstalk between microbiota and the endocrine 

system, in which bacteria are able to produce hormones, respond to host hormones, and 

regulate host hormones’ homeostasis through inhibiting gene transcription. In turn, host 

hormones may influence bacterial gene expression, bacterial virulence and growth, with 

consequences on host physiology (Ma and Li, 2019). In this context, the new concept of 

“microgenderome” defines the interaction between microbiota, sex hormones, and the 

immune system, and it involves bidirectional interactions between the microbiota, 

hormones, immunity, and disease susceptibility (Vemuri et al., 2019). Indeed, 

investigations in young animals suggest that these microbial sex differences do not 

appear until puberty, suggesting that sex hormones may play an important role in the 

sex differences in gut microbiota (Vemuri et al., 2019). Moreover, estrogen levels in men 

and post-menopausal women directly correlate with gut microbiome richness and 

diversity, whereas there is no correlation in pre-menopausal women who are at varying 

stages of the menstrual cycle (Vemuri et al., 2019; Y. S. Kim et al., 2020). As sex 

differences in gut microbiota do not appear until puberty, the role of sex hormones in 

shaping the gut microbiota composition is supported (Valeri and Endres, 2021). 

Interestingly, soy isoflavones, (which are structurally similar to estrogen), can 

significantly alter the structure and composition of the intestinal microbial community in 

the postmenopausal female by increasing the concentration of Bifidobacterium while 

suppressing unclassified Clostridiaceae (Nakatsu et al., 2014). Moreover, the human 

microbiota changes throughout the various stages of pregnancy implicate a modulatory 

role for sex steroids. Diversity appears to decrease throughout pregnancy while certain 

bacteria such as Proteobacteria and Actinobacteria increase in the majority of women, 

the former known to be associated with inflammatory mediated dysbiosis (Amir et al., 

2020). Furthermore, adipose tissue is a source of sex hormones and several studies 

suggest that adipose tissue contributes to sex differences in the gut microbiota. In this 

sense, the total body fat content also seemed to influence the diversity and composition 

of gut microbiota (Yang et al., 2021).  

However, the differences between sexes in gut microbiota could be caused by other 

factors. For example, faster gut transit in females, compared to males may contribute to 
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sex differences in microbiota (Qi et al., 2021). Also, differences in drug exposure 

between males and females may be also one of the reasons (Vila et al., 2020). In a study 

of a large cohort in the Netherlands, the males were more likely to be taking drugs for 

heart disease, whereas the females were more exposed to opiates, laxatives, and 

antibiotics (del Castillo et al., 2018).  

A better understanding of the fundamental processes that regulate sex-specific 

differences in immune responses in the context of “microgenderome” is required to 

optimize prevention and treatment strategies for women and men as a first step toward 

personalized precision medicine. 

6. Strengths and limitations  
The present thesis has contributed to understand the relationship between host and gut 

microbiota. This work provided evidences about the interplay of microbiota with host 

genetics and the effects of weight loss diets and certain groups of food (UPFs). 

Moreover, we proposed the use of microbial predictive biomarker for personalized weight 

loss diets, using  different statistical approaches specially designed for the study of the 

metagenome.  

The main strengths of this work are, firstly, the robust design of the Obekit study. The 

obekit project allowed to obtain a big number of human data and a general perspective 

of the obesity pathology between obese and non-obese subjects. Moreover, Obekit 

project allowed to analyzed different variables after following two different types of 

hypocaloric diets. Secondly, the study of host genetics and microbiota provided pioneer 

information which explained interindividual BMI differences using a set of obesity-related 

SNPs. Also, modern statistical approaches such as LEfSe, Canonical Correspondence 

Analysis MetagenomeSeq or RNA-seq and machine learning techniques (Random 

Forest), were included in this work. Thirdly, in this investigation a new conceptual 

modeling for personalized dietary prescription integrated microbiota and genetics is 

included, showing that this individual information are important data for improving the 

results of weight loss treatments. Also, “omics” approaches 

have been used for studying at deep taxonomic levels and for the identification of the 

host metabolome, which allow to discriminate metabolites for clustering depending on 

the dietary treatment. Moreover, confirmation of the metabolites identified was 

conducted by commercial standards. However, the main strength of this research is the 

consideration of sex as a key variable (not an adjusted variable). This finding highlighted 

the differences in gut microbiota composition between sexes and the different responses 

to UPFs consumption and weight loss diets, which contribute to deep in personalized 

treatments.  
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This dissertation also presents some limitations. Gut microbiota experiments depends 

on the proportion of bacteria detected, sampling and storage, DNA extraction method, 

hypervariable regions analyzed, primers employed and sequencing method. The 

analysis of gut microbiota composition was performed in fecal samples, which are self-

collected and easily obtained with a non-invasive manner. This type of sample may be 

considered representative of the whole bacterial community in the gut although it does 

not probably represent equally the microbiota from the small intestine or the distal 

portions of the colon. However, fecal samples are largely used in microbiota researches 

instead of mucosal biopsies along the colon. The DNA extraction can be consider a 

critical point. The gram-positive thickness wall could hinder the DNA extraction. Also, in 

this study, 16S sequencing was performed, which is the most largely applied technique 

and the Illumina sequencing (Illumina Inc., San Diego, CA), but other sequencing 

methods could provide different information (for example, shotgun sequencing method). 

Consequently, the bacterial genome annotation could differ depending on the technique 

used. The study of host genetics and microbiota presented another weakness: the 

difficulties for separating environmental factors which may also affect gut microbiota 

composition and function in humans. In the same line, it is difficult to attribute that 

changes on gut microbiota are consequence of the diet in human subjects, due to the 

influence of other environmental factors. Moreover, since this study has been performed 

in a Spanish population, caution must be taken before applying these findings in other 

ethnic groups. The use of self-reported questionnaires in dietary assessment may 

involve a possibility of error when the subjects responded to the frequency of 

consumption, although this questionnaire was validated and the information was 

collected and supervised by registered dietitians. Moreover, this questionnaire was not 

specifically designed for evaluating the UPFs consumption, although it included the most 

important groups of UPFs, cataloged following the NOVA system classification. In this 

line, the cut-off used for defining groups of consumption of UPFs are determinant for the 

results and it could change with a different cut-off value. Lastly, another limitation is the 

relative small sample size in Obekit, with a higher number of women, which may limit the 

statistical power to detect differences between groups. This issue could lead to an 

increase in the risk of type II errors (failing in the detection of real differences). For these 

reasons, further studies in larger and diverse populations could contribute to validate the 

observed results in this work. 
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7. Corollary  
Summing up, the results of the current research have contributed to revise the factors 

that have influence positively or negatively gut microbiota in the context of obesity and 

possible modulators of gut dysbiosis. Moreover, this work have evidence the relationship 

between gut microbiota components and host genetics background for obesity in a 

cohort of subjects with overweight or obesity. Gut Prevotellaceae family and a set of 10 

SNPs related to obesity are important factor for determining BMI status in women.  

Furthermore, we have shown that gut microbiota are affected by dietary components, 

such as ultra-processed foods and weight loss process. The gut microbiota in subject 

who consumption more than 5 servings per day of ultra-processed foods seemed to 

present different alterations in comparison with subjects who consumed less than 3 

servings per day. Also, these changes associated to ultra-processed foods appeared 

differently in men and women.  

A 4-months weight loss dietary intervention showed to provoke changes in gut 

microbiota. These changes were different depending on the type of diet (moderately high 

protein or low fat diet) and depending on sex. These results showed that microbiota 

changes after weight loss are diet-dependent but also sex-dependent. Consequently, 

the functional profile of gut microbiota changed after weight loss process.  

On the other hand, baseline microbiota and genetic background have shown to be useful 

to decide a dietary prescription (moderately high protein diet or low fat diet) for obtaining 

the most successful weight loss in overweight and obese population.  
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1. A revision of the recent literature in the context of obesity could conclude that gut 

microbiota can be affected by some environmental factors such as breastfeeding, 

undernutrition, physical exercise, stress, cesarean delivery, antibiotics, sleep 

disturbances and cold exposure (among others factors). Also, dietary components such 

as fiber, fat, protein, artificial sweeteners or emulsifiers can modulate gut microbiota 

composition. These factors may trigger an imbalance involved in the development of 

obesity, which can be modulated throughout prebiotics, probiotics and fecal microbiota 

transplantation.  

 

2. In our population and after applying different statistical approaches, Prevotellaceae 

family showed an association with body mass index and with a genetic risk score (GRS) 

based on 10 obesity-related SNPs. The study of microbiota and genetic score on BMI 

status showed an interactive association between GRS and Prevotellaceae family in 

women. Thus, women with higher abundance of Prevotellaceae and higher GRS were 

more obese. 

 

3. The study of the ultra-processed food (UPF) consumption in our population showed 

that more than 5 servings per day of UPF caused changes on alpha diversity and gut 

microbiota composition, compared to subjects who consumed less than 3 servings per 

day. These changes appeared in a distinctive manner according to sex. Particularly, 

Actinobacteria class (and Bifidobacterium genus) showed a possitive association with 

ultra-processed pizza and dairy products in women. Bacteroidetes phylum and 

Bacteroidia class were possitively associated with ultra-processed meat consumption in 

men.  

 

4. The process of weight loss during 4 months, following a moderately high protein diet 

or a low fat diet, evidenced changes on the gut microbiota composition and the functional 

profile in Obekit population. These changes appeared in a different manner depending 

on the type of diet and sex, suggesting that men and women could differentially benefit 

from the consumption of a moderately high protein diet or a low fat diet.   

 

5. A decision algorithm based on linear mixed models in Obekit population can help to 

select the most adequate type of weight loss diet (moderately high protein or low fat diet) 

in men and women, according to baseline microbiota composition and genetic individual 

information. 
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