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ABSTRACT OF THE DISSERTATION 

Ecological and evolutionary drivers of microbial community assembly: The influence of host, 

diet, and richness on Bifidobacterium 

by 

Cynthia Itzel Rodriguez 

Doctor of Philosophy in Biological Sciences 

University of California, Irvine, 2022 

Professor Jennifer B.H. Martiny, Chair 

 

Humans harbor a diverse microbiome in their gut including a diversity of bifidobacteria 

species. The bacterial group bifidobacteria (genus Bifidobacterium) is fundamental to the health 

of humans and animals. They are inhabitants of the gastrointestinal tract, vagina, and mouth of 

mammals and some insects. Bifidobacteria have gained notable attention as their presence in the 

gut has been correlated with many health-promoting benefits. While human bifidobacteria have 

been well studied, most focus on one strain at a time, without considering the variety that coexist 

in the gut. My thesis focused on the ecological and evolutionary forces driving the assembly, 

coexistence, and functioning of bifidobacterial diversity. Using a multidisciplinary approach that 

encompasses ecological and evolutionary theory, genomics, and microbial metabolism, my 

objectives were to: 1) uncover the trait and evolutionary associations bifidobacteria have with 

their animal hosts (Chapter 1); 2) assess bacterial responses to dietary fiber consumption in the 

human gut (Chapter 2); and 3) identify the functional consequences of bifidobacteria diversity 

(Chapter 3).  
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To address objective 1, I used a comparative genomics approach to investigate the 

adaptation of bifidobacteria to their hosts. I analyzed all the bifidobacteria genomes available in 

The National Center for Biotechnology Information (NCBI) repository. I identified the hosts 

from which the bifidobacteria strains were isolated, performed a multilocus phylogenetic 

analysis, compared the genetic relatedness of the strains to different hosts, and tested the degree 

to which variation in traits can be attributed to their hosts. I found that different species of 

bifidobacteria colonized different animal hosts and that traits related to fiber degradation were 

associated with particular hosts. 

To tackle objective 2, I conducted a meta-analysis that included dietary fiber 

interventions that have examined the human gut microbiome (n=21). By synthesizing, 

reanalyzing, and conducting an in-depth phylogenetic analysis, I found consistent bacterial 

responses to short-term increases in dietary fiber consumption in healthy humans. Specifically, I 

found that fiber interventions decreased bacterial diversity and explained an average of 1.5% of 

compositional variation. Moreover, I identified specific bacterial taxa that responded to dietary 

fiber in humans. One taxon that drastically increased in response to fiber consumption across 

interventions was bifidobacteria. 

To address objective 3, I tested how the diversity and richness of bifidobacteria isolates 

influence their coexistence and functioning (i.e., fiber degradation) using laboratory experiments. 

To do this, I obtained bifidobacteria isolates from the Human Microbiome Project (HMP), and I 

selectively isolated new strains from fecal samples collected at the University of California, 

Irvine. I conducted microcosm experiments that vary the diversity of bifidobacteria and 

characterized the functioning of the bacterial communities using flow cytometry (to count 

bacterial cells), lactate assays (to measure metabolite concentration), and next-generation 
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sequencing (to decipher the bacterial community’s composition). I found that the diversity of 

isolates persisted, such that up to 7 strains coexisted. Moreover, metabolite production (e.g., 

lactate) increased with increasing bifidobacteria diversity. However, this was not the case for 

biomass production. 

Focusing on the ecology and evolution of an important taxon like bifidobacteria within 

the diverse gut community will provide a deeper understanding on the community assembly 

mechanisms that bacteria use to colonize specific hosts. 
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INTRODUCTION 

The human gut microbiome has shown to mediate the regulation of many human 

processes including intestinal integrity, digestion, host immunity, protection against pathogens, 

harvesting and production of nutrients, among others (Thursby and Juge 2017). Even activities 

known to be beneficial to us, like exercise, have shown to provide benefits by modifying the 

composition of gut microbes (Clauss et al. 2021; Monda et al. 2017). In contrast, an altered gut 

microbiome (dysbiosis) is often correlated to health problems such as inflammation, obesity, 

diabetes, cancer, and reduced immunity (Rastelli, Knauf, and Cani 2018; Fan and Pedersen 2021; 

Shreiner, Kao, and Young 2015). However, despite the importance of the gut microbiome, the 

mechanisms that promote the assembly of a healthy microbial community and its functioning are 

not fully understood. Thus, the aim of my thesis is to investigate the ecology and evolution of 

microbial diversity in the gut using a model group of bacteria. 

The four major bacterial phyla in the human gut microbiome are Proteobacteria, 

Firmicutes, Actinobacteria, and Bacteroidetes (Thursby and Juge 2017; Turnbaugh et al. 2007). 

Within the phylum Actinobacteria, one bacterial group that has proven to be of particular 

importance for health is bifidobacteria. These are gram-positive, anaerobic, saccharolytic, 

irregular-shaped bacteria, members of the genus Bifidobacterium (Turroni et al. 2018). 

Bifidobacteria usually reside in the gastrointestinal tract, vagina, and mouth of mammals, 

including humans and some insects (Milani et al. 2014; Turroni, van Sinderen, and Ventura 

2011). However, they have also been found in human blood, breast milk, and sewage (Esaiassen 

et al. 2017; Lamendella et al. 2008; Martín et al. 2009). 

Bifidobacteria were first isolated in 1899 by Henri Tissier from feces of breast-fed infants 

(Tissier, H. 1899). Since then, they are often associated with newborns as specific species can 
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degrade human milk oligosaccharides (HMOs) derived from breast milk (Ruiz-Moyano et al. 

2013; Thomson, Medina, and Garrido 2018). However, adults also have bifidobacteria in their 

gut but at lower levels than breast-fed infants and with different species’ composition (Arboleya 

et al. 2016). Bifidobacteria have been correlated with health-promoting benefits including the 

including the production of beneficial metabolites (vitamins, antioxidants, and short-chain fatty 

acids), immune system development, protection from certain gut diseases (enterocolitis and acute 

diarrhea), and degradation of fiber (O’Callaghan and van Sinderen 2016). Because of these 

positive associations, bifidobacteria are a popular probiotic added to yogurt and dietary 

supplements. I am centering my projects on Bifidobacterium because this genus is abundant and 

widespread in mammals and has important health benefits to humans.  

My thesis focuses on the ecological and evolutionary forces driving the assembly, 

coexistence, and functioning of bifidobacteria. Using a multidisciplinary approach that 

encompasses ecological and evolutionary theory, genomics, and microbial metabolism, my 

objectives were to: 1) uncover the trait and evolutionary associations bifidobacteria have with 

their animal hosts (Chapter 1); 2) assess bacterial responses to dietary fiber consumption in the 

human gut (Chapter 2); and 3) identify the functional consequences of bifidobacteria diversity 

(Chapter 3). Studying the ecology and evolution of bifidobacteria as a diverse group provides an 

opportunity to uncover general mechanisms that determine bacterial diversity in the gut as well 

as their specific role in human health. 
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CHAPTER 1 

Evolutionary relationships among bifidobacteria and their hosts and environments 

ABSTRACT 

The assembly of animal microbiomes is influenced by multiple environmental factors and 

host genetics, although the relative importance of these factors remains unclear. Bifidobacteria 

(genus Bifidobacterium, phylum Actinobacteria) are common first colonizers of gut microbiomes 

in humans and inhabit other mammals, social insects, food, and sewages. In humans, the 

presence of bifidobacteria in the gut has been correlated with health-promoting benefits. Here, 

we compared the genome sequences of a subset of the over 400 Bifidobacterium strains publicly 

available to investigate the adaptation of bifidobacteria diversity. We tested 1) whether 

bifidobacteria show a phylogenetic signal with their isolation sources (hosts and environments) 

and 2) whether key traits encoded by the bifidobacteria genomes depend on the host or 

environment from which they were isolated. We analyzed Bifidobacterium genomes available in 

the PATRIC and NCBI repositories and identified the hosts and/or environment from which they 

were isolated. A multilocus phylogenetic analysis was conducted to compare the genetic 

relatedness the strains harbored by different hosts and environments. Furthermore, we examined 

differences in genomic traits and genes related to amino acid biosynthesis and degradation of 

carbohydrates. We found that bifidobacteria diversity appears to have evolved with their hosts as 

strains isolated from the same host were non-randomly associated with their phylogenetic 

relatedness. Moreover, bifidobacteria isolated from different sources displayed differences in 

genomic traits such as genome size and accessory gene composition and on particular traits 

related to amino acid production and degradation of carbohydrates. In contrast, when analyzing 
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diversity within human-derived bifidobacteria, we observed no phylogenetic signal or 

differences on specific traits (amino acid biosynthesis genes and CAZymes). 

Overall, our study shows that bifidobacteria diversity is strongly adapted to specific hosts 

and environments and that several genomic traits were associated with their isolation sources. 

However, this signal is not observed in human strains alone. Looking into the genomic signatures 

of bifidobacteria strains in different environments can give insights into how this bacterial group 

adapts to their environment and what types of traits are important for these adaptations. 

INTRODUCTION 

Bacteria are central to the evolution and ecology of animals influencing their genomes, 

development, and physiology (McFall-Ngai et al. 2013). The composition of bacterial 

communities in the animal gut are thought to be shaped by host physiology and diet on daily 

timescales, but also by host evolutionary history over much longer timescales (David, Materna, 

et al. 2014; David, Maurice, et al. 2014; Muegge et al. 2011). A major challenge in animal 

microbiome research is therefore to disentangle the ecological and evolutionary processes 

underlying the variation in gut communities. One approach to tackling these questions is to focus 

on a specific bacterial group within the larger gut community (Groussin et al. 2017; Moeller et 

al. 2016). 

A widespread and abundant group of bacteria in mammalian guts is bifidobacteria. 

Bifidobacteria are gram-positive, anaerobic, saccharolytic bacteria, members of the genus 

Bifidobacterium of the phylum Actinobacteria (Klijn, Mercenier, and Arigoni 2005). Their 

presence in the gut has been correlated with health-promoting benefits in humans and mouse 

models including the production of metabolites like vitamins and antioxidants, immune system 

development, and protection from certain gut diseases such as enterocolitis and acute diarrhea 
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(O’Callaghan and van Sinderen 2016). In newborns, specific species of bifidobacteria are 

important for degrading human milk oligosaccharides (HMOs) derived from breast milk (Ruiz-

Moyano et al. 2013; LoCascio et al. 2007). The fermentation of HMOs promotes the wellness of 

infants and prevents colonization from potential pathogenic bacteria (Bode 2012; Marcobal and 

Sonnenburg 2012). Bifidobacteria also excel at degrading and fermenting carbohydrates (Liu et 

al. 2015; Rivière et al. 2014). This process produces short-chain fatty acids (SCFAs) such as 

butyrate, acetate, and propionate, which have been linked to reducing the risk of inflammatory 

diseases, heart disease, type II diabetes, and other adverse conditions such as cancer (Slavin 

2013). 

Here, we take a comparative genomics approach to investigate the relationship between 

bifidobacteria diversity and their hosts and environments. Bifidobacteria are ubiquitous 

inhabitants of the gastrointestinal tract, vagina, and mouth of mammals, including humans and 

are also present in guts of insects such as bees (Milani et al. 2014; Turroni, van Sinderen, and 

Ventura 2011). They have also been found in human blood, breast milk, and sewage (Esaiassen 

et al. 2017; Lamendella et al. 2008; Martín et al. 2009). The genomic signatures of bifidobacteria 

strains in different environments can give insights into how this bacterial group adapts to their 

environment and what types of traits are important for these adaptations. The few studies that 

have considered the association between bifidobacteria diversity and their hosts and 

environments have found contradictory results. Some studies observe no relationship between 

hosts and the type of genes bifidobacteria carry (Milani et al. 2017; Freitas and Hill 2018), while 

others do (Sharma, Mobeen, and Prakash 2018; Sun et al. 2015; Turroni et al. 2018). 

We analyzed a subset of the 400 bifidobacteria genomes publicly available to answer two 

questions: 1) Do bifidobacteria show a phylogenetic signal with their isolation sources (hosts and 
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environments)? and 2) Do key traits encoded by the bifidobacteria genomes depend on the host 

or environment from which they were isolated? The term “phylogenetic signal” generally refers 

to the tendency of related species to resemble one another more than they would resemble a 

species drawn randomly from the same phylogenetic tree (Münkemüller et al. 2012; Kamilar and 

Cooper 2013).  

Since most bacterial traits are phylogenetically conserved (Martiny, Treseder, and Pusch 

2013), our first hypothesis was that bifidobacteria are adapted to the hosts (and other 

environments) from which they are isolated. We predicted that this adaptation would be reflected 

in the phylogeny of bifidobacteria, despite horizontal gene transfer (HGT) and rapid evolution. 

Secondly, we hypothesized that bifidobacteria strains would further adapt to their environment 

through genomic signatures like genome size and overall composition of accessory genes, as 

well as the composition of particular traits. Genome size is broadly associated with different 

bacterial lifestyles (Cobo-Simón and Tamames 2017; McCutcheon and Moran 2012; Dini-

Andreote et al. 2012), and accessory gene composition can capture horizontally transferred 

regions of the genome, which are thought to allow for rapid adaptation to a specific environment 

(Hall, Brockhurst, and Harrison 2017). We specifically focused on two particular classes of 

genes: amino acid biosynthesis genes and carbohydrate-active enzymes (CAZymes). The 

abundance and diversity of amino acid biosynthesis genes may vary as amino acids can be 

exchanged between different hosts and bacteria (Neis, Dejong, and Rensen 2015; Graf and Ruby 

1998), allowing for the loss or gain of these genes. Bacterial CAZyme profiles are also known to 

vary by environment, suggesting a mechanism for bacteria to adapt to the local carbohydrate 

supply (Cantarel, Lombard, and Henrissat 2012; Berlemont and Martiny 2016). Moreover, 
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bifidobacteria are key degraders of carbohydrates in host guts, and we expected that strains 

might adapt to host diet.  

RESULTS 
 
Phylogenetic relationships between bifidobacteria strains and isolation sources    

To investigate the phylogenetic relationships between bifidobacteria strains isolated from 

different environments and hosts, two phylogenetic trees were constructed based on 107 

concatenated core genes. These trees included one with 60 human-derived strains (Fig. 1.1A) 

and one with 129 strains from different environments and hosts (Fig. 1.1B). In both trees, 

members of the same taxonomic species clustered closely, and the phylogenetic structure of the 

trees was similar to previous reports based on 16S rRNA sequences and based on various core 

genes (Milani et al. 2014; Sun et al. 2015; Ventura et al. 2006; Lugli et al. 2014; Turroni, Berry, 

and Ventura 2017). For instance, B. breve and B. longum strains were found to be closely related 

as well as B. bifidum and B. scardovii. One difference was that the B. asteroides phylogroup has 

been previously shown to be positioned in the deepest branches of the bifidobacteria lineage 

(Milani et al. 2014; Sun et al. 2015; Bottacini et al. 2012); however, in our human-derived strains 

phylogenetic tree the deepest branch corresponded to a member of the B. thermophilum species. 

In the larger tree, the deepest branches corresponded to strains from the B. simiarum, B. 

primatium, B. vansinderenii, and B. tissieri species followed by B. asteroides group.  

The strains isolated from a variety of human stages and body locations showed no 

phylogenetic signal (ANOSIM: R= 0.022, p>0.05). For example, strains isolated from infants 

were not more genetically similar to one another than those isolated from adults (Fig. 1.1A). 

Similarly, strains isolated from the blood were not more genetically similar to one another than 

those found in milk or in the urogenital tract. 
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By contrast, when comparing across multiple host species and environments, the habitat 

from which the strains were isolated was strongly associated with the bacteria’s phylogenetic 

distribution (Fig. 1.1B; ANOSIM: R= 0.420, p<0.001). For instance, bee, primate, and rodent 

derived strains are tightly clustered in the phylogenetic tree within their categories (Fig. 1.1B). 

These broader evolutionary patterns seem particularly robust for strains isolated from the orders 

Artiodactyla (pig and cattle-derived strains), Hymenoptera (bee-derived strains), and Primates 

(human and non-human primate-derived strains) as they clustered mostly within the same 

branches (Fig. 1.1B). 

Genomic features and content among isolation sources  

Genome size analysis 

Within the human-derived strains, genome size did not differ by the particular human 

habitat (e.g., urogenital or gut) or between different human stages (e.g., infant or elderly) (Fig. 

1.2A; Kruskal-Wallis H = 10.428, p>0.05, df = 7). Conversely, strains isolated from diverse 

animal hosts and environments (e.g. primates, bees, wastewater, etc.) differed significantly in 

genome size (Fig. 1.2B; H = 26.244, p<0.01, df = 9). Strains isolated from non-human primates 

had the highest genome size (2.9 Mb + 0.19 SD), whereas strains isolated from bees had the 

lowest genome size (2.0 Mb + 0.21 SD). 

Pangenome analysis 

The analysis on 129 bifidobacteria strains revealed that their pangenome is composed of 438 

core genes, 115 soft core genes, 1,802 shell genes, and 24,550 cloud genes, for a total of 26,905 

gene clusters (Fig. 1.3). This resonates with previous studies with fewer genomes that found this 

genus to have between 400-500 core genes (Milani et al. 2014; Sun et al. 2015). The composition 

of accessory genes excluding the core genome and singletons (~6,400 genes), was associated 
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with both the bacteria’s isolation source (ANOSIM: R=0.394, p<0.001), and the phylogeny of 

the bifidobacteria strains (based on 107 core genes; RELATE test, Spearman’s ρ =0.52, 

p<0.001).  

Amino acid biosynthesis analysis 

Beyond general genomic characteristics, we investigated how a variety of specific traits, 

such as amino acid biosynthesis genes varied among the strains. There was a significant 

difference in abundance of amino acid biosynthesis genes between different animal hosts and 

environments (Fig. 1.4A; H = 62.216, p<0.001, df = 11) (post hoc Dunn’s test). For instance, 

bees showed the lowest abundance of amino acid biosynthesis genes (87 genes + 13 SD) while 

non-human primates showed the highest number (100 genes + 2.9 SD) (Fig. 1.4A). 

Furthermore, the diversity of amino acid biosynthesis genes also differed among hosts 

and environments (Fig. 1.4B; H = 76.594, p<0.001, df = 11) (post hoc Dunn’s test); the bee-

derived strains showed the lowest diversity of amino acid biosynthesis genes (78 genes + 12 

SD). Strains isolated from the other host categories carried between 86 and 90 genes (Fig. 1.4B). 

Carbohydrate-active enzymes (CAZymes)  

Since bifidobacteria are known to be excellent degraders of complex carbohydrates, we 

also searched for CAZymes in their genomes. On the one hand, the abundance of CAZymes 

among the different human-derived strains did not differ significantly (Fig. 1.5A; H = 9.6557, 

p>0.5, df = 7). On the other hand, when comparing strains derived across different hosts and 

environments, we found a significant difference between categories (Fig. 1.5B; H = 60.9, 

p<0.001, df = 11). In the human environments, the oral-derived strains encoded the highest 

number of CAZymes (103 genes + 2.8 SD), whereas strains derived from adults (gut-derived) 

encoded the lowest number (55.8 genes + 12 SD). Across all hosts and environments, non-
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human primates carried more CAZymes than any other host (84 genes + 20 SD), while 

wastewater exhibited the fewest (42 genes + 10 SD) (Fig. 1.5). 

DISCUSSION 

Studying the diversity of bifidobacteria and their trait associations provides insights into the 

mechanisms that underlie their assembly within a larger microbial community. Bifidobacteria 

strains isolated from the same host or environment were non-randomly associated with their 

phylogenetic relatedness. This pattern is consistent with the hypothesis that bifidobacteria 

specialize, or at least prefer, particular hosts, in agreement with several other studies (Sun et al. 

2015; Lamendella et al. 2008; Milani et al. 2016). For example, Lamendella et al. (Lamendella et 

al. 2008) found that bifidobacteria strains from the same host, including those isolated from birds 

and pigs, tended to cluster by clade. We also observed that all B. pseudolongum subsp. 

pseudolongum strains were isolated from pigs as previously noted (Lugli et al. 2019). Similarly, 

bee-derived bifidobacteria clustered within two relatively deep branches (Sun et al. 2015). 

Notably, this clustering was not perfect; for instance, some primate-derived strains clustered with 

more ancient branches than the bee-derived strains, and rodent-isolated strains could be found 

within several clades. This pattern of imperfect clustering suggests that host-specialization of 

bifidobacteria has occurred several times within different branches of the genus. In addition, the 

clades of strains from mixed isolation sources may indicate that many bifidobacteria are not strict 

specialists but are capable of colonizing non-preferred host types (Milani et al. 2017).  

The bifidobacteria genomes also reveal adaptation to their host environment through 

genomic signatures like accessory genes and specific gene sets, supporting our second 

hypothesis. Sun et al. (Sun et al. 2015) also observed that bifidobacteria isolated from bees, pigs, 

and humans shared unique sets of genes. However, the correlation we observed between 
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accessory genes and isolation sources was weaker than the association with the phylogeny based 

on core genes to the whole genus. Thus, it appears that specialization by bifidobacteria to a host 

species is primarily determined by vertically inherited traits, whereas horizontal gene transfer of 

traits captured through accessory gene composition plays a secondary role.   

More specifically, bifidobacteria strains isolated from different hosts differed in the 

abundance and diversity of amino acid biosynthesis genes. Notably, bee-derived strains encoded 

the lowest abundance and diversity of amino acid biosynthesis genes, while non-human primates 

encoded the highest. Similarly, the bee strains also showed the smallest genome size. Given that 

species isolated from bees dominate the more ancient lineages, bifidobacteria may have 

coevolved longer with bees than with other hosts (Bottacini et al. 2012). One might speculate a 

longer coevolutionary history allowed bee-derived bifidobacteria to lose genes by evolving to 

use amino acids and other nutrients produced by the host or other gut bacteria, similar to the 

selection for smaller genome sizes observed in obligate bacterial symbionts (McCutcheon and 

Moran 2012; Graf and Ruby 1998).  

Bifidobacteria are also known to degrade a range of carbohydrates ranging from simple to 

complex molecules, and there was genomic evidence of carbohydrate specialization by 

bifidobacteria isolated from different hosts. In particular, strains isolated from primates 

(including humans) carry relatively high abundances of CAZyme encoding genes. This 

difference could be due to more varied, plant diets of primates as well as the complexity and 

diversity of their milk oligosaccharides (Tao et al. 2011). 

While bifidobacteria strains appear to be adapted to different hosts, there was little evidence 

that they are adapted to particular habitats and life stages within humans. In particular, we 

expected that different strains might be adapted to adults or infants, as bifidobacteria 
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composition varies over age (Arboleya et al. 2016; Kato et al. 2017). Indeed, some subspecies 

such as B. longum subps. infantis are specialized to breakdown human milk oligosaccharides 

(LoCascio et al. 2007). Perhaps we could not see the pattern at this finer scale due to the limited 

diversity within each bifidobacteria species in our analysis. However, a recent study also found 

that strains within just two species, B. breve and B. longum, isolated from the vagina and gut of 

humans were indistinguishable based on phylogenetic and genomic trait analyses (Freitas and 

Hill 2018). Thus, at least for these two habitats, that may be connected by dispersal, there are not 

specialized strains even when focusing on a finer genetic scale. 

The lack of differences in CAZyme abundance among human categories was also surprising. 

This is contrary to previous studies that have found the highest abundance of CAZymes in gut 

bacterial communities (Berlemont and Martiny 2016; O’Callaghan and van Sinderen 2016; 

Cantarel, Lombard, and Henrissat 2012). In particular, we expected high numbers of CAZymes 

from infant strains as some bifidobacteria can degrade HMOs in the babies’ gut allowing the 

modulation of the immune system and succession of the microbiome in the infants (Cantarel, 

Lombard, and Henrissat 2012; Thomson, Medina, and Garrido 2018; LoCascio et al. 2007). A 

point worth noting is the blood-derived strains, which we suspect are not specialized in their 

isolation source but instead are transient. Indeed, the strain classified as B. scardovii JCM 12489T 

= DSM 13734T (accession number AP012331) has been reported to have one of the largest 

genomes consisting of 3,158,347 bp with no plasmids and with the largest number of glycosyl 

hydrolase genes (Toh et al. 2015). 

Our conclusions are limited by data issues inherent to the reanalysis of publicly available 

genomes that could be addressed in future research. First, the sampling among host animals is 

quite uneven, and larger sample sizes among a broader range of hosts would strengthen the 
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results. Second, signals of host or habitat adaptation will be stronger at a higher genetic 

resolution (i.e. within bifidobacteria species), and thus there is a need for deeper sampling of 

strains to resolve finer-scale adaptation. Related to this, we had to exclude many human-derived 

genomes that were not accompanied by information about the specific isolation site and age 

stage of the host. Lastly, it is unclear whether some of the observed patterns might have been 

influenced by different isolation methods, which likely varied across different studies. 

CONCLUSION 

This comparative genomic analysis reveals that bifidobacteria are adapted to their hosts. This 

adaptation is reflected in the evolutionary history of the shared core genome as well as their 

accessory gene composition and specific gene sets. At the same time, there is little evidence 

within the genus for specialization on particular human habitats or stages, which may be due to 

sampling limitations or a higher degree of bacterial dispersal within humans than appreciated. In 

sum, the assembly of bifidobacteria in their habitats appears to be determined by a mix of 

ecological (host filtering) and evolutionary (host adaptation) forces (Moran, Ochman, and 

Hammer 2019). Bifidobacteria thus offers a model to study these processes in animal 

microbiomes. 

METHODS 

Genome sequences and annotation 

Genome sequences of all Bifidobacterium strains were downloaded from the 

Pathosystems Resource Integration Center (PATRIC) and the National Center for Biotechnology 

Information (NCBI) databases on March 14th, 2018 (n=497). Duplicate sequences were removed 

from further analysis. We identified the hosts for each of the strains by searching the PATRIC 

and NCBI databases or associated publications (n=449). Based on the concatenation of 107 core 
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genes (see phylogenetic analysis below for details), we removed sequences with many gaps in 

the core genes from further analysis and only kept unique strains (n=400). The vast majority of 

the strains in the databases were derived from human hosts followed by primates, cattle, pigs and 

bees. For strains isolated from humans (n=272), we assigned each strain to the most specific 

category possible, acknowledging that some categories are subsets of other categories: infant 

(n=117), adult (n=20), human blood (n=13), human milk (n=10), urogenital (n=9), elderly (n=5), 

child (n=4), probiotic (n=3), oral (n=2), human unspecified (n=89). Child refers to 2-6 years old 

while infant usually refers to children anywhere from birth to 1 year old (or reported as infant in 

their respected studies). A subset of 60 human-derived strains from diverse environments were 

used for genomic comparisons based on their descriptive isolation source. 

To compare strains among hosts, we focused on a subset of 129 bifidobacteria strains. 

These strains included the majority of the non-human bifidobacteria strains in addition to a 

subset of human strains from adult and infant feces (n=13), blood (n=1), vagina (n=1), and 

mouth (n=1). The categories were the following: primate (n=18), human (n=16), cattle (n=15), 

pig (n=16), bee (n=16), rodent (n=12), probiotic (n=8), wastewater (n=7), rabbit (n=7), chicken 

(n=6), other mammals (n=4; including giraffe, hippopotamus, llama, and wallaby), dairy 

products (n=3), soil-plant-associated (n=1). We recognize that not all the host categories are at 

the same phylogenetic level. 

To ensure uniform annotation, we reannotated all the genomes using Prodigal v2.6.3 in 

Normal Mode to predict Open Reading Frames (ORF) (Hyatt et al. 2010). We then used Prokka 

v1.13 (Seemann 2014) to annotate the sequences. 

Phylogenetic analysis 
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Multilocus phylogenetic trees were constructed using the bcgTree pipeline (Ankenbrand 

and Keller 2016) with the protein fasta files (.*faa) derived from Prodigal v2.6.3. Each of the 

genome sequences was searched for 107 conserved single-copy genes defined by Dupont et al. 

2012 (Dupont et al. 2012) using hmmsearch v3.1b2. The extracted genes were then each aligned 

using muscle v3.8.31 (Edgar 2004) and polished using Gblocks v0.91b (Castresana 2000) by 

eliminating poorly aligned areas. The 107 genes were then concatenated, and a phylogenetic tree 

was built using RAxML v8.2.10 with PROTGAMMABLOSUM62 substitution model and 100 

rapid Bootstrap searches (Stamatakis 2014). We visualized the phylogenetic trees using the iTOL 

v3 interactive tool (Letunic and Bork 2016). 

Comparative genomic analysis 

We next tested whether some of the variation in the traits encoded by bifidobacteria 

genomes could be explained by the host or environment from which they were isolated. We used 

the genome size values provided by the PATRIC metadata to compare the genome size among 

isolates. For human-derived strains we used the same 60 sequences used in the phylogenetic 

analysis since they were carefully chosen to encompass variable human environments and tried 

to keep similar samples sizes when possible between categories; however, for the comparison 

among multiple hosts and environments we used a subset of the 129 strains to keep sample sizes 

the same for each category (n=6); hence, we did not include isolates from the dairy, mammal, 

and soil categories since their sample sizes were less than 6 strains. 

 The pan-genome and gene ontology of the 129 selected bifidobacteria strains were 

established with Roary v3.12.0 (Page et al. 2015) using the annotated genome assemblies 

obtained from Prokka v1.13 (.gff files). To account for the relatively high diversity of this genus, 

we used a 50% sequence identity for the blastp cutoff (Chase et al. 2018). The Roary software 
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was able to detect core genes (present in 99%-100% of the strains), soft core genes (present in 

95%-99% of the strains), shell genes (present in 15%-95% of the strains), and cloud genes 

(present in 0%-15%). The presence-absence table given by Roary, depicting the 26,905 gene 

clusters, was curated by deleting the following genes: core genes present in all 129 strains (minus 

352 = total: 26,553), singletons (minus 10,967 = total: 15,586), genes with an average sequence 

per isolate higher than 1, due to splitting errors (minus 189 = total: 15,397), and genes with 

hypothetical annotation with no identifiable gene name (minus 9,000 = total: 6,397). The final 

table containing 6,397 accessory genes was converted into a matrix for further comparisons 

between core genes and phylogenetic distance against accessory gene composition. We used 

Phandango (Hadfield et al. 2018) to construct the pan-genome alignment by incorporating the 

RAxML inferred tree and the presence-absence table given by Roary. 

 To assess the abundance (number of genes) and diversity (number of different genes) of 

amino acid biosynthesis genes, the automatic annotation server Ghostkoala was used to obtain 

gene function assignments based on the KEGG Orthology (Kanehisa, Sato, and Morishima 

2016). To identify the CAZymes encoded in each genome, we used the dbCAN2 meta server 

based on the CAZy database updated on July 13th, 2018 (Yin et al. 2012; Zhang et al. 2018). The 

input files for the webserver were protein fasta files (.*faa) derived from Prodigal v2.6.3. This 

server has the option to utilize three tools to predict CAZymes: i) HMMER search against the 

dbCAN HMM (hidden MArkov model) database; ii) DIAMOND search against pre-annotated 

CAZyme sequence database; iii) Hotpep search against the CAZyme short peptide database. We 

used all three tools at the default parsing thresholds and only considered the CAZymes found by 

all three tools.  

Statistical Analyses 



 

19 
 

We used ANOSIM in PRIMER-6 Software (Clarke and Gorley 2006) to test whether the 

isolation source categories were associated with phylogenetic relatedness and accessory genes of 

the bifidobacteria strains. To test for a correlation between the similarity in accessory and core 

gene content, we used the Relate test in PRIMER-6. We used the Tree and reticulogram 

REConstruction (T-REX) web server (Boc, Diallo, and Makarenkov 2012) to create the distance 

matrices used in the ANOSIM and Relate tests using the Netwick phylogenetic tree from 

RAxML. We assessed normality of data using Shapiro-Wilk normality test and its variance with 

Levene’s test incorporated in RStudio version 1.1.453. To account for the non-normal data and 

non-equal sample sizes, we used the Kruskal-Wallis (with a calculated significance level of p > 

0.05) and Dunn’s post hoc tests (RStudio version 1.1.453) to compare genome size, amino acid 

biosynthesis genes, and CAZymes between the different strains belonging to varying hosts and 

environments. To construct heatmaps and boxplots, RStudio version 1.1.453 

(http://www.rstudio.com/) was implemented and to help with the optimization of the images 

created, Adobe® Acrobat® Pro 2017 was used.  
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Figure 1.1: Cladograms of bifidobacteria strains harbored by A) human hosts and B) 
multiple hosts and environments. 1.1A|Phylogenetic relationship of human-derived 
Bifidobacterium strains based on 107 marker genes (n=60 + outgroup). The prominent species, 
B. longum (31.7%), B. breve (23.3%), and B. animalis (10%), are shaded in different colors. 
1B|Phylogenetic relationship of Bifidobacterium strains harbored by multiple hosts based on 107 
marker genes (n=129 + outgroup). The prominent species, B. pseudolongum (12.4%), B. longum 
(10.9%) and B. animalis (10.1%), are shaded in different colors. For both cladograms, the 
outermost ring represents the different isolation sources. Bootstrap values higher than 70% are 
represented with blue circles. Strains from the Alloscardovia genus were used as outgroups for 
both phylogenetic trees (accession numbers JWAI01000000 and NEKB01000000). Note that the 
“child” category refers to ages 2 through 6 years old while “infant” is younger. The “mammal” 
category indicates a mammal with only 1 sample size, including giraffe (n=1), hippopotamus 
(n=1), llama (n=1), and wallaby (n=1). Also, the “primate” category indicates non-human 
primates, and “probiotic” had an original, unknown isolation source that may overlap with the 
other categories. 
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Figure 1.2: Bifidobacteria genome sizes for strains derived from A) humans and B) 
multiple hosts and environments. The circles depict the data points, and the black diamonds 
represent the mean of each boxplot. The letters above each box represent the post hoc 
comparisons using Dunn’s test where groups sharing a letter are not significantly different. See 
Methods and Figure 1.1 legend for more information about the isolation categories. 
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Figure 1.3: Pan-genome analysis of 129 Bifidobacterium strains harbored by multiple hosts. 
2A|The pan-genome of the 129 bifidobacteria strains is summarized in a pie chart showing the 
core genes (438), the soft genes (115), the shell genes (1,802), and the cloud genes (24,550). 
2B|Pan-genome alignment of 129 bifidobacteria strains is depicted by combining the 
phylogenetic tree inferred by RAxML 8.2.10 and the pan-genome heatmap showing gene 
presence (royal blue) or absence (white) in each of the strains obtained with Roary 3.11.2. There 
was a total of 26,905 gene clusters (of orthologous proteins) from which 438 were present in all 
strains. The line graph at the bottom shows the frequency of genes present within samples. The 
core-genome and pan-genome are boxed in red and light blue, respectively. The color strip next 
to the alignment depicts the isolation sources described in Fig. 1.1. 
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Figure 1.4: Amino acid biosynthesis gene A) abundances and B) diversity among different 
hosts and environments. Abundance refers to the number of total gene count and diversity 
refers to the number of different genes found. The circles depict the data points and the black 
diamonds represent the mean of each boxplot. The letters above each box represent the post hoc 
comparisons using Dunn’s test where groups sharing a letter are not significantly different. See 
Methods and Figure 1.1 legend for more information about the isolation categories. 
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Figure 1.5: CAZyme abundances for strains isolated from A) humans and B) multiple hosts 
and environments. The circles depict the data points and the black diamonds represent the mean 
of each boxplot. The letters above each box represent the post hoc comparisons using Dunn’s 
test. See Methods and Figure 1.1 legend for more information about the isolation categories. 
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CHAPTER 2 

Short-term dietary fiber interventions produce consistent gut microbiome responses across 

studies 

ABSTRACT 

The composition of the human gut microbiome varies tremendously among individuals 

(high inter-individual variation), making intervention effects such as changes in diet difficult to 

detect and characterize. For instance, the consumption of fiber is known to be important for gut 

health yet the specific effects of increased fiber intake on the gut microbiome vary. Moreover, 

the details of dietary fiber interventions across studies differ greatly in the types of fiber, length 

of study, size of cohort, and molecular approaches, which might also contribute to different study 

outcomes. To better understand fiber-induced changes in the gut microbiome of healthy 

individuals, we re-analyzed 16S rRNA sequencing data from 21 dietary fiber interventions from 

12 human studies. We found that short-term increases in dietary fiber consumption resulted in 

highly consistent gut microbiome responses across studies. In particular, increased fiber 

consumption explained an average of 1.5% of compositional variation (compared to 82% of 

variation attributed to the individual), reduced alpha diversity, and resulted in phylogenetically 

conserved responses in relative abundances among bacterial taxa. Additionally, we identified 

bacterial clades, at approximately the genus level, that increased in relative abundance in the 

majority of the studies. Therefore, by synthesizing and reanalyzing microbiome data from many 

studies we identify consistent responses to initial changes of the gut microbiome to increased 

fiber intake. 

INTRODUCTION 
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 The human gut microbiome plays an important role in human health and disease (Jovel et 

al. 2018; Shreiner, Kao, and Young 2015). Resident gut bacteria help maintain host homeostasis 

not only in the gut but also throughout the human body. They do so by maintaining the integrity 

of the gut barrier, producing beneficial metabolites, and much more while receiving essential 

nutrients for survival from the human host (Durack and Lynch 2018). One question that has been 

popularly raised is whether it is possible to purposely engineer the composition of the gut 

microbiome towards a healthier state, for instance, by providing beneficial gut bacteria with the 

nutrients they need to flourish (prebiotics). These compounds are typically found in high-fiber 

foods or supplements that contain complex carbohydrates (Singh et al. 2017; Del Chierico et al. 

2014).  

Dietary fibers are carbohydrates that resist digestion by the small intestine and have a 

positive health impacts on humans (Jones 2014). High-fiber diets are associated with health 

benefits such as increased nutrient absorption, production of beneficial metabolites, improved 

immune responses, and amelioration of various diseases including obesity, diabetes, allergies, 

and others (Carlson et al. 2018; Yang et al. 2012; Hosseini-Esfahani et al. 2017; Makki et al. 

2018). To understand the influence of dietary fiber on the gut microbiota, researchers have 

performed dietary interventions using different fiber compounds on humans (Sawicki et al. 2017; 

Holscher 2017; Simpson and Campbell 2015). 

Experiments that increase fiber intake in humans often result in changes in the gut 

microbiome which can be consistent across studies. For example, fiber interventions including 

inulins, fructans, and gala-oligosaccharides often report an increase of Bifidobacterium and 

Lactobacillus taxa in the gut, genera known as lactic acid producers and carbohydrate degraders 

(S. Wang et al. 2020; So et al. 2018; Davis et al. 2011). In addition, plant-based diets (known to 
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be high in fiber content) have also shown to enrich the gut microbiome with Ruminococcus and 

Prevotella genera, which are known to degrade and ferment complex dietary carbohydrates 

(Abell et al. 2008; Hooda et al. 2012; Wu et al. 2011; Cronin et al. 2021; Schnorr et al. 2014; 

Kovatcheva-Datchary et al. 2015). Although some bacterial responses seem to be consistent 

across interventions, other studies have reported contradictory trends in bacterial responses to 

fiber (Holscher 2017; Tian et al. 2021; Whisner et al. 2018). For instance, Tian et al. 2021 

reported no increases in the taxa mentioned above in response to fiber intake but instead showed 

a decrease in the Ruminococcus genus. Whisner and colleagues also found that Ruminococcus 

were more abundant in a group of college students that consumed low fiber foods (Whisner et al. 

2018). However, such contradictions are not surprising; comparing results across any type of 

microbiome intervention, including increased fiber, comes with many challenges. 

The first obstacle that researchers encounter when trying to compare across fiber-diet 

interventions is heterogeneity in study design and technical approaches. For instance, studies 

vary widely in the types of fiber compounds used, intervention lengths, and population sizes. 

Moreover, differences in molecular approaches and in downstream bioinformatic pipelines could 

add technical variation to the characterization of microbiome responses that potentially obscures 

biological patterns across studies. 

Second, a challenge for any type of microbiome intervention is that individual human 

variation in gut microbiomes is very high. High inter-individual variation makes comparing 

microbiome responses across individuals difficult, let alone across studies. Not only does the 

starting, pre-intervention composition of the gut microbiome vary widely between individuals, 

but many operational taxonomic units (OTUs) are not shared among individuals within a study. 
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As a result, the variation in gut composition explained by an intervention will typically be small 

relative to inter-individual variation.  

Finally, studies report their results at different taxonomic levels, making it difficult to 

draw conclusions about which taxa are consistently responding to the fiber treatment. Not only 

can OTUs of bacterial sequences be defined differently across studies (e.g., at different cutoffs 

such as 100%, 99%, and 97% sequence similarity), but the results are often summarized 

differently. For instance, some studies may report changes in relative abundance in terms of 

phyla (e.g., Actinobacteria), whereas others by family or genus (e.g., Bifidobacteriaceae/ 

Bifidobacterium). Moreover, it is often unclear whether all bacteria within a reported taxonomic 

level respond similarly to an intervention. For example, an individual’s gut typically contains 

several strains and/or species within the same genus (Garud et al. 2019). Indeed, a study of 

healthy adults found that individuals can harbor up to 6 species of Bifidobacterium at any one 

time (Oliver et al. 2021). However, most studies report only the most responsive OTUs and/or 

changes in relative abundances lumped on a particular taxonomic level. If some taxa within a 

broader group respond differently to increased fiber, then this might contribute to the 

inconsistent results among fiber intervention studies.  

Although some of the above-mentioned discrepancies are impossible to fix for past 

studies (e.g., study design and sequencing processes), there are avenues to make the results more 

comparable across interventions). One approach is to reanalyze the data in a consistent manner 

and use phylogenetic information to organize biological variation. To make direct comparisons 

of bacterial shifts across studies, the raw data (e.g., 16S rRNA sequencing reads) can be 

uniformly processed using similar bioinformatic pipelines, threshold parameters, and statistical 

analyses. In addition, phylogenetic information, rather than taxonomic bins, can allow for direct 
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comparison in relative abundances among taxa and variation observed after fiber consumption 

making it easier to measure bacterial changes across studies. For instance, there can be a mixture 

of responses within a taxonomic clade, and to be able to compare microbial responses across 

studies it is necessary to place the taxonomic responses on a phylogenetic tree. Furthermore, this 

approach could shed light on the depth of taxonomic responses and help clarify whether large 

phylogenetic clades respond in a positive or negative manner (phylogenetic signal), which can 

then reduce the number of bacterial groups to examine. A phylogenetic signal would be detected 

when related taxa respond in a similar manner to the fiber intervention.  

Here, we investigated the consistency of fiber-induced changes in the gut microbiome of 

healthy individuals by re-analyzing 16S rRNA sequencing data from 21 dietary fiber 

interventions. We hypothesized that short-term increases in fiber intake would result in 

consistent changes in microbiome composition across different types of interventions. To test 

this hypothesis, we assessed three features of each intervention: 1) changes in bacterial alpha-

diversity after the fiber intervention, 2) the amount of compositional variation (beta-diversity) 

explained by the fiber intervention relative to that of between individuals, and 3) bacterial 

responses in a phylogenetic context to identify consistent fiber-responding taxa. 

METHODS 

Study inclusion criteria 

We conducted a keyword search of published literature through the PubMed search 

engine (keywords: dietary, fiber, and microbiome) under the Best Match algorithm 

recommended by PubMed on May 9th, 2020. The search yielded 977 abstract hits from 2010 to 

2020 (https://pubmed.ncbi.nlm.nih.gov/). We also searched through all the records available in 

the database of open-source microbial management site Qiita (Gonzalez et al. 2018) on April 7th, 
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2020 and found 528 microbiome studies including human and animal studies 

(https://qiita.ucsd.edu). From both sources, each abstract was carefully read to select studies with 

fiber interventions in healthy humans that included 16S rRNA amplicon sequencing data from 

fecal microbial communities (n=34). We excluded studies in animals and unhealthy humans. 

Corresponding authors and first authors were contacted up to 4 times requesting their sequencing 

data and metadata when not publicly available. We were able to obtain 16S rRNA amplicon 

sequencing and their corresponding metadata from 12 studies (Fig. 2.1). 

From the 12 collected studies, 5 conducted diet interventions with different types of 

dietary fibers and/or food sources. When this was the case, the samples in each study were 

divided by the fiber intervention, resulting in a total of 21 intervention experiments. (For 

example, if one study conducted separate interventions with inulin and psyllium, the dataset was 

divided into two.) We named each of the interventions as: Last name of the first author in the 

publication, followed by the year the study was published, continuing with the region of the 16S 

rRNA bacterial gene that was amplified, with the addition of the fiber used in the study (e.g., 

Baxter_2019_V4_potato; Table 2.1). 

Sequencing processing 

Individual studies used different methods for sequencing processing and bioinformatic 

pipelines, and such differences can influence the diversity and composition of microorganisms 

detected in a sample as well as the variation observed across samples. Thus, to compare the 

sequences directly across studies, we obtained the raw sequencing reads for each study and 

processed them in a similar manner. 

First, we assessed the quality of the 16S sequencing data using FastQC software version 

0.11.8 (Andrews 2010). The sequencing reads were cleaned from poor quality sequences using 
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the Fastp program version 0.20.0 (Chen et al. 2018). The cleaned sequences were imported into 

the QIIME2 platform version 2020.11.1 (Estaki et al. 2020), and primers were removed using 

Cutadapt plugin (Martin 2011) when necessary. We then denoised the reads using DADA2 

plugin (Callahan et al. 2016), obtaining an OTU table with exact sequence variants (ESVs) 

depicting the number of reads per sample for each taxonomic unit. 

 Next, the taxonomic classification of the reads was also performed in the QIIME2 

platform by training the SILVA version 132_99_16S (Quast et al. 2013) and the Genome 

Taxonomy Database (GTDB) version bac120_ssu_reps_r95 (Parks et al. 2018) databases to each 

respective study based on the primers that were originally used. The SILVA database was used 

to remove chloroplast and mitochondrial DNA. Then, the cleaned reads were assigned to a final 

taxonomic group using the GTDB trained database. Only reads classified to the phylum level 

were kept in the OTU tables. The sequencing processing and taxonomic classification was 

performed with both the forward and reverse reads (when available) and the forward and/or 

single reads only.  

For uniformity, we only utilized the forward reads from all the studies and imported the 

data into R (version 4.0.2) for rarefaction to normalize samples and to perform alpha- and beta-

diversity analyses using the vegan package version 2.6-2. We calculated rarefied OTU tables 

through randomized sampling sequences without replacement for 1000 iterations, using the 

highest sequencing depth possible for each dataset (Table 2.2). For each study, we only used 

samples from the before and after fiber intervention treatments, excluding samples from other 

treatments (e.g., maltodextrin-controls).  

Bacterial community composition responses to individual fiber interventions  
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We tested differences in alpha diversity metrics (Shannon and Simpson indices) before 

and after fiber interventions using vegan package, version 2.6-2, and paired-t tests in R, version 

4.0.2. When multiple timepoints for before and after the fiber intervention were collected, we 

used only two timepoints (the earliest timepoint from before and the latest sample from after the 

intervention) to allow for paired analyses. To test for differences in bacterial community 

composition between before versus after fiber intervention, we ran permutational multivariate 

analysis of variance (PERMANOVA) using Bray-Curtis dissimilarity matrices that were rarefied 

and square root transformed using all timepoints available. The PERMANOVA formula used in 

R through the vegan package (version 2.6-2) was: adonis2.(bray.dist.matrix~subject_id + 

timepoint, data= metadata, method= “bray”, by= “term”, permutations=999). 

Phylogenetic responses to dietary fiber  

Since the majority of the studies (8/12) shared the V4 region of the 16S rRNA gene, we 

selected this region to conduct phylogenetic analyses. For the studies that shared this region, we 

merged the forward and reverse reads, when available, using BBmerge from BBMap Tools, 

version 38.95, (Bushnell, Rood, and Singer 2017). Then, we extracted the same V4 region across 

the studies with Cutadapt version 3.5 using the V4 primer sequences 

(forward:GTGYCAGCMGCCGCGGTAA; reverse:GGACTACNVGGGTWTCTAAT) from the 

Earth Microbiome Project (Thompson et al. 2017). To ensure that the sequences were properly 

extracted (e.g., read size = 250bp) we visualized them using Geneious prime (version 2020.2.4; 

https://www.geneious.com/), FastQC version 0.11.9 and summarized the results with Multiqc, 

version 1.11. Then, the extracted reads across studies were imported into QIIME2, version 

2020.11, as a single artifact. The q2-vsearch plugin in QIIME2 was used to dereplicate the 

sequences, and cluster them at 97% identity. Since these studies were used to make in-depth 



 

40 
 

phylogenetic comparisons, the 97% dereplication identity was used, instead of ESVs to simplify 

the complexity of the gut bacterial responses across studies using different collection and 

sequencing methods. Moreover, based on previous research (Isobe et al. 2020) a finer-scale 

assignment of OTUs (ESVs) results in too few overlaps in OTUs among the studies making it 

difficult to make comparisons across interventions. 

We then filtered the OTU table and sequences clustered at 97% identity by removing the 

OTUs with a total abundance (summed across all samples) of less than 10 in QIIME2 using the 

`filter-features` option. We also used contingency-based filtering in QIIME2 to remove OTUs 

that appeared in less than 3 samples based on the assumption that these may not represent real 

biological sequences but rather are sequencing errors or PCR chimeras.  

As performed for the studies individually, we trained the SILVA (v132_99_16S) and the 

Genome Taxonomy Database (GTDB; vbac120_ssu_reps_r95) databases based on the V4 primer 

sequences from the Earth Microbiome Project to conduct taxonomic classification for the V4 

sequences in QIIME2. The reads were first taxonomically classified with the trained SILVA 

database to remove chloroplast and mitochondrial DNA. The cleaned reads were then assigned a 

taxonomic group using the trained GTDB database. Only reads that were classified to the 

phylum level were kept for further analysis.  

 The merged data were then divided into the different studies while filtering out the 

“control” samples (e.g. maltodextrin intervention) when present and only keeping the fiber 

intervention samples (before versus after). Finally, to focus on taxa distributed widely among 

individuals, we excluded OTUs that were present in less than 50% of the samples per study. 

Once again, the data was exported from QIIME2 to be used in R to conduct an in-depth 

phylogenetic analysis. We first used Phyloseq version 1.34.0 (McMurdie and Holmes 2013) to 
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format the data to be used in DESeq2. We used the non-rarefied data in DESeq2 to normalize the 

data per study and to infer what were the main taxonomic groups affected by fiber consumption. 

We used an alpha value of 0.05 and a log2-fold change cutoff of 0 and 0.58 (which equals 1.5 

fold change) to select the OTUs that significantly were affected by the fiber treatment.  

We then selected “widespread” OTUs present in at least 3 studies and aligned their 

sequences using the Biostrings version 2.58.0 and DECIPHER version 2.18 (Wright 2016) 

packages to create a neighbor-joining (NJ) tree using phangorn version 2.5.3 package (Schliep 

2011). 

We averaged the log2-fold change responses from the widespread OTUs obtained by 

DESeq2. OTUs with a log2-fold change higher than zero were considered to be positive 

responding taxa, whereas the OTUs with a negative log2-fold change were considered negatively 

responding taxa. The positive and negative responding taxa were assigned a 1 and a 0 

respectively as the ConsenTRAIT program requires the data to be in binary form. We ran 

ConsenTRAIT analysis using the castor package version 1.3.5 (Louca and Doebeli 2018) to 

identify phylogenetic clades that respond to fiber intervention in the same direction across 

studies (consensus clades) and to calculate the average depth (τD) of the conserved clades from 

the NJ phylogenetic tree we created.  

Given that we observed a significant phylogenetic signal between the clades that were 

responding to fiber treatment using the widespread OTUs, we conducted a similar analysis for 

the individual studies as described above; for each study, a phylogenetic tree was built (using all 

OTUs present) and a ConsenTRAIT analysis was run to confirm the overall results. 

RESULTS 
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We screened over 1,500 abstracts and obtained data for 21 fiber diet interventions (from 

12 studies) performed in healthy humans, for a total of 2,564 samples from 538 subjects (Fig. 

2.1; Table 2.1). The duration of interventions ranged from 3 days to 84 days with a minimum of 

two fecal collection timepoints (before and after the diet intervention) but some collected up to 8 

times. The types of fibers also varied across fiber interventions, with starches derived from 

potato being the most common fiber intervention used (Table 2.2 ; Table S2.1). Moreover, the 

most sequenced region of the 16S rRNA gene was the V4 section, as 8 studies selected it to 

decipher microbial composition.  

Alpha-diversity responses  

Short-term increases in dietary fiber consumption resulted in highly consistent gut 

microbiome responses across studies. To investigate if fiber intervention altered alpha-diversity 

in the human gut microbiome, we calculated the Shannon and Simpson indices before and after 

the fiber intervention. Individually, only 5 studies showed a significant decline in bacterial alpha-

diversity with both indices (paired-t-test p<0.05; Table 2.2). However, in 20 out of 21 studies, 

alpha-diversity tended to decrease at least with one alpha diversity metric (e.g., Shannon). On 

average, diversity decreased by 3.9% and 1.1% in terms of Shannon and Simpson metrics, 

respectively (Fig. 2.2) 

Beta-diversity responses 

Increased fiber intake also had a consistent effect on gut microbiome beta-diversity in 

healthy humans. As expected, inter-individual variation in microbiome composition was high. 

Microbiome composition differed significantly among individuals in every study, on average 

explaining 82% of the compositional variation observed (PERMANOVA: p <0.05; Table 2.2). 

Despite this variability, in 14 out of 21 studies, it was still possible to detect a significant effect 
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of the fiber intervention on microbiome composition. Further, the different interventions 

explained a relatively small but consistent amount of microbiome variation across studies, 

ranging from 0.2 – 4.6%, for an average of 1.5% of compositional variation (PERMANOVA: 

p <0.05; Table 2.2).  

Phylogenetic responses  

To detect bacterial taxa that consistently shifted after fiber interventions, we conducted 

an in-depth re-analysis of 8 studies that amplified the same 16S rRNA genetic region (V4). To be 

able to make direct comparisons, we combined the sequence data from all studies and then 

assigned 97% OTUs.  

We then analyzed the studies in two ways. First, we identified bacterial taxa that shifted 

positively or negatively in relative abundance in each study by a standard differential abundance 

method and then compared the responses of the same OTUs across the studies. After averaging 

the log2-fold change responses for the widespread OTUs, we identified 5 bacterial taxa within the 

Actinomycetia, Clostridia, and Gammaproteobacteria classes that displayed highly positive 

responses to fiber interventions (log2-fold change > 1). These positive responding taxa belonged 

to the families Bifidobacteriaceae (three from Bifidobacterium genus), Burkholderiaceae (one 

from Sutterella genus), and Ruminococcaceae (one from Faecalibacterium genus). Among these 

taxa, OTUs belonging to the Bifidobacteriaceae family had the highest positive response to fiber 

with an average of 1.3 positive log2-fold change, followed by Burkholderiaceae and 

Ruminococcaceae with 1.2 and 1.1 log2-fold change, respectively. We also identified 8 bacterial 

taxa that showed a highly negative response to fiber treatment (log2-fold change < -1.0). These 

taxa all fell within the class Clostridia and belonged to the following families: CAG-508 (three 

from UMGS1994, CAG-354, and unidentified genus), Lachnospiraceae (one from 
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Mediterraneibacter and three from unidentified genus), and Ruminococcaceae (one from 

Negativacillus genus). The OTUs belonging to the Lachnospiraceae family had the strongest 

negative log2-fold change with an average of -1.4, followed by CAG-508 and Ruminococcaceae 

with -1.2 and -1.1 log2-fold change, respectively (Fig. 2.3). 

Second, we constructed a phylogenetic tree of the OTUs that were represented in at least 

3 studies and conducted a ConsenTRAIT analysis. This analysis serves as a metric to identify 

phylogenetic groups in which a trait or response is conserved (in this case a response to fiber 

intervention) and calculates the average phylogenetic depth (τD) of conservation from a 

phylogenetic tree (Martiny, Treseder, and Pusch 2013; Isobe et al. 2020). Bacterial responses, 

positive and negative, to fiber treatment were significantly conserved with an average 

phylogenetic depth, τD, of 0.019 and a 0.020, respectively (permutation test; p < 0.05, Fig. 2.4). 

To confirm this significant phylogenetic signal between the “widespread OTUs” across all fiber 

interventions, we repeated this ConsenTRAIT analysis on the individual studies. This analysis 

revealed that the degree of conservation for positively responding taxa was in average 0.021 

when only considering the studies that gave a significant result (n=6). Conversely, the degree of 

conservation across negatively responding taxa was slightly lower, 0.019, and it was only 

significant in 4 out of the 8 studies (Table 2.3). 

DISCUSSION 

To test the hypothesis that short-term increases in fiber consumption would result in 

consistent changes in microbiome composition, we re-analyzed bacterial 16S rRNA data from 

different fiber interventions in healthy humans. We found evidence supporting this hypothesis as 

we observed consistent gut microbiome responses in alpha- and beta-diversity as well as in a 

phylogenetic context. Overall, fiber consumption decreased alpha diversity and explained an 
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average of 1.5% of bacterial compositional variation (compared to 82% of variation explained by 

individuals). Moreover, when conducting an in-depth phylogenetic analysis, we observed that 

bacterial responses (positive and negative) were phylogenetically conserved, and the depth of 

conservation was similar across studies.  

Diet is known to play a major role in the gut microbiota composition including diversity and 

richness (Graf et al. 2015). It is often thought that a diet rich in fiber increases both diversity 

(e.g., richness) and functioning (e.g., production of short chain fatty acids [SCFAs]), which have 

been used as markers of intestinal health (Makki et al. 2018). However, we observed that fiber 

intake consistently reduced bacterial diversity in 20 out of 21 studies, with this pattern being 

significant in 5 interventions. This is in line with previous work that has assessed the impact of 

increased consumption of specific fiber components or an overall high-fiber diet (Hooda et al. 

2012; Oliver et al. 2021; So et al. 2018; Wastyk et al. 2021; Deehan et al. 2020; Liu et al. 2017). 

As it has been stated before, this could be due to the length of the interventions as the majority 

are short term (some being as short as 3 days). Thus, we might only be capturing the transitional 

period of microbial responses to fiber, where we observe the loss of microbes that are not well 

adapted to the changing environment (e.g., decreased pH due to increased fermentation) and 

cannot consume the carbohydrates found in fiber. Perhaps, the cascading effects of a sustained 

high-fiber diet on bacterial diversity are not observed in these short time frames, as this might be 

a relative slow process. Furthermore, when increasing fiber intake, humans are not ingesting 

more microbes that can colonize the human gut and instead an increase in bacterial diversity is 

most likely observed in interventions with fermented aliments, where the presence of microbes 

and their byproducts in the foods have a faster impact in overall bacterial richness that can be 

captured in short-term interventions (Wastyk et al. 2021). 
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Even though an increase in bacterial diversity was not detected in short-term fiber 

interventions, we were able to identify conserved responses in relative abundances among 

bacterial taxa. In particular, OTUs belonging to the genus Bifidobacterium showed the strongest 

positive response across fiber interventions (Fig. 2.3). This bacterial clade is known for its 

carbohydrate degrading capabilities and its positive associations with health benefits in humans 

(O’Callaghan and van Sinderen 2016). Indeed, this bacterial genus is generally found to increase 

in abundance following an increased fiber intake (So et al. 2018; Oliver et al. 2021; Davis et al. 

2011). Bifidobacterium species can act as primary fiber degraders as they are known to possess 

carbohydrate active enzymes (CAZymes) that allow the degradation of various plant 

carbohydrates (Kelly, Munoz-Munoz, and van Sinderen 2021; Fushinobu and Abou Hachem 

2021; Baxter et al. 2019).  

In addition, the Sutterella genus also demonstrated a significant increase after fiber 

intervention. This pattern had been previously reported once in a fiber intervention with women 

suffering with hypertensive disorders during pregnancy (Tomsett et al. 2020). However, 

Sutterella species have been associated with health disorders such as autism and metabolic 

syndrome (L. Wang et al. 2013; Lim et al. 2017). Nonetheless, the Sutterella genus is also 

present in healthy humans, and their ability to adhere to intestinal epithelial cells might indicate a 

mutualistic relationship with its host (Hiippala et al. 2016). Although its functional role is not 

well understood, this might be an important microbe to consider in future fiber interventions. 

Overall, the ability for bacteria to survive the changing environment (e.g., low pH due to 

increased fermentation) and attach to fiber substrates grants them access to these carbohydrates, 

promoting rapid increases in abundance following a fiber intervention, while negative 

responding taxa might lack these abilities. 
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Although microbial responses to fiber interventions are thought to be highly individualized 

(Martínez et al. 2010; Baxter et al. 2019), we found a significant phylogenetic signal of bacterial 

taxa that respond to fiber interventions. Specifically, we found that bacterial taxa that respond 

positively or negatively to fiber intake showed a significant average phylogenetic depth of 

conservation (τD= 0.019 and τD= 0.020 ; p<0.05; Fig. 2.4). This depth is similar to that 

previously found for nitrogen fixation traits ( τD= 0.018-0.020), but was more deeply conserved 

than that of simple carbon utilization (τD= 0.011) (Martiny, Treseder, and Pusch 2013; Amend et 

al. 2016; Isobe et al. 2019) and the ability to produce extracellular enzymes (τD= 0.008–0.01) 

(Zimmerman, Martiny, and Allison 2013). Moreover, the average depth of bacterial responses to 

fiber intervention was consistent across studies (τD= 0.014–0.028; Table 2.3). Though 

phylogenetic trees built with 16S rRNA amplicon sequences are not as reliable as multi-locus 

trees, they are still useful to estimate the depth of the response to fiber interventions and to 

compare this response with other traits that have been analyzed previously.  

It is important to note that our results come with certain limitations inherent to the re-analysis 

of publicly available data and time-course-gut microbiome samples. Perhaps, the most notable 

caveat is that we were able to obtain sequencing data from 12 studies and only 8 of them shared 

the same 16S rRNA region for an in-depth phylogenetic analysis. Although they represent 

different populations and fiber interventions, the inclusion of more studies with more diverse 

populations and different fiber types would increase our ability to predict bacterial responses due 

to fiber intake. Additionally, since we are looking at temporal variation in the gut microbiome, 

this change could be due to external factors rather than the intervention itself. However, we 

found trends suggesting that at least some of this change is due to the intervention. For example, 
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we observed consistent shifts in alpha-diversity and similar responses in bacterial taxa across 

studies and individuals. 

In the future, similar data syntheses for other types of interventions or diseases could be 

useful to get a more detailed understanding of which bacterial clades respond more readily to 

perturbations. Also, if more studies report that the individual variation is generally as high as 

82%, as found here, then it cannot be expected to see an intervention effect higher than single 

digits. This is not to say that these small effects are not important – within a person, those 

changes could be quite consequential. For these reasons, it is crucial to elucidate the overall 

changes in microbial composition, as this gives a more general view on the effects of 

interventions in the human gut and help decipher the bacterial taxa that are influenced by drastic 

changes in diet or gut perturbations. 

CONCLUSION  

The research presented here allows us to understand the impact dietary fiber has on the 

human gut microbiome. We found that short-term increases in fiber intake resulted in consistent 

changes in microbiome composition across different types of interventions, such as decreased 

alpha diversity and similar amount of compositional variation explained by fiber intake. 

Moreover, we documented that the subject where the fecal sample comes from explained a 

similarly high variation in bacterial composition across all interventions (inter-individual 

variation), allowing for future studies to have a baseline expectation of the variation that should 

be explained by the subject itself. Additionally, we showed that a phylogenetic approach, that 

has been previously used to test bacterial trait conservation in environmental samples (Martiny, 

Treseder, and Pusch 2013; Isobe et al. 2019; 2020), can be useful to disentangle the bacterial 

responses to a dietary change in the human gut microbiome. Indeed, we demonstrated that 
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despite the high microbial variation in human subjects, this method can be applied to human 

related microbiomes to identify bacterial clades that are responsive to dietary changes and their 

average phylogenetic depth of conservation. 
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FIGURES 

 
Figure 2.1 Data collection overview. The step-by-step workflow for search and data collection 
of fiber intervention studies. 
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Figure 2.2 Percent change for alpha diversity metrics A) Shannon and B) Simpson indices. 
Alpha diversity metrics were calculated using ESVs and rarefied data (See Methods for details). 
Percent change was measured by subtracting the before-fiber intervention alpha diversity mean 
from the after-fiber intervention mean using only two timepoints. When multiple timepoints 
where available, only the first and the last were used for alpha diversity analysis. Coral bars 
represent the Shannon while blue bars represent the Simpson percent change. 
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Figure 2.3 Averaged bacterial responses across fiber interventions sharing the V4 region. 
The points represent bacterial clades that had a strong response in abundance based on the log2-
fold change using the widespread OTUs (present in at least 3 studies) obtained by DESeq2. We 
only included taxa that had an average log2-fold response higher than 1 and lower than -1. The 
data points are named based on their taxonomic classification (GTDB) at the genus level. When 
there was no genus identified we added their Family assignment followed by “unidentified.” 
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Figure 2.4 Phylogenetic distribution of the averaged responses to fiber intervention. The 
widespread OTUs (present in at least 3 studies) are colored based on their response to fiber 
(positive or negative). The inner ring represents the phylum-level taxonomy of the OTUs 
determined using the GTDB trained database. The average depth of conservation is shown on the 
right panel next to their respective p-values. 
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Table 2.1. Summary of datasets collected including fiber type, grams of fiber used, duration of 
the intervention, collection timepoints and number of subjects per study. 
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Table 2.2. Summary of samples included per fiber intervention and the alpha- and beta-diversity 
results.  

 
Table 2.3. ConsenTRAIT analysis for individual studies.  

 
 
 
 
 
 
 
 



 

61 
 

Supplemental Table 2.1. Summary of fibers used in intervention studies. 
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CHAPTER 3 

The consequences of bifidobacteria diversity for ecosystem functioning 

INTRODUCTION 

To understand the relationship between biodiversity and ecosystem functioning (BEF), 

plant and animal ecologists often experimentally manipulate diversity and compare how 

functioning varies. These studies have demonstrated that for an aggregate of functional 

measurements, species richness increases functioning in an array of ecosystems (Guerrero-

Ramírez et al. 2017; Hooper and Vitousek 1997; David Tilman, Isbell, and Cowles 2014). Fewer 

BEF experiments have been conducted with bacterial communities, but those that have, focus on 

environmental habitats including soil, phyllosphere, aquatic, and industrial ecosystems such as 

waste bioreactors (Awasthi et al. 2014; Bell et al. 2009; 2005; Evans et al. 2017; Gravel et al. 

2011; Johnson et al. 2015). However, tests that experimentally control species or trait richness of 

human gut bacteria are lacking (Allen-Vercoe 2013; Venema and van den Abbeele 2013; Reese 

and Dunn 2018). 

It is important to study the BEF relationships in human associated microbiomes, 

particularly the human gut, as the loss of bacterial richness in this ecosystem (a metric of alpha 

diversity) has been correlated with many health disorders such as obesity, insulin resistance, and 

inflammatory diseases (Le Chatelier et al. 2013; Lloyd-Price, Abu-Ali, and Huttenhower 2016). 

Furthermore, healthy adults from rural areas and hunter-gatherer communities generally exhibit 

higher gut bacterial richness when compared to populations in metropolitan or urban societies 

(Schnorr et al. 2014; Tasnim et al. 2017; Yatsunenko et al. 2012). In addition, obesity and 

allergic diseases that develop in childhood have been linked with low bacterial richness, and in 

particular, a low abundance of bifidobacteria (Akay et al. 2014; Kalliomäki et al. 2008; 2001; 
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Liwen et al. 2018; O’Neill, Schofield, and Hall 2017). Thus, in the present study, we tested 

whether a BEF relationship might underlie some of the diversity patterns observed in human 

studies while focusing on gut-isolated bifidobacteria (genus Bifidobacterium), a widespread 

common genus in gut microbiomes that has been correlated with a wide array of health benefits 

(Hidalgo-Cantabrana et al. 2017). 

Bifidobacteria are often associated with human newborns and infants as specific species 

of bifidobacteria can degrade human milk oligosaccharides derived from breastmilk and this 

appears to aid in the development of a healthy immune system (O’Neill, Schofield, and Hall 

2017; Katayama 2016). Although bifidobacteria abundance decreases with age (Arboleya et al. 

2016), their presence in the adult human gut contributes to protection from pathogen 

colonization, production of beneficial metabolites, and the degradation of fiber (Turroni, Milani, 

Van Sinderen, et al. 2018). Due to these positive associations, bifidobacteria are a popular 

probiotic added to yogurt and dietary supplements (Hidalgo-Cantabrana et al. 2017). While 

human bifidobacteria have been well studied, most studies focus on one strain at a time, without 

considering the variety that often coexist. Indeed, humans can harbor a diversity of bifidobacteria 

species in their gut at any one time (Milani, Mancabelli, et al. 2015; Turroni et al. 2009; 2012; 

Oliver et al. 2021), and the composition and abundance of this diversity varies over their lifetime 

(Arboleya et al. 2016; Turroni et al. 2009). However, the impacts of such diversity have been 

unexplored. 

Bifidobacteria richness might increase gut functioning (particularly digestion) via 

carbohydrate degradation. As observed in Chapter 1 and other studies (Egan and Van Sinderen 

2018), the genes involved in carbohydrate breakdown (e.g., CAZymes) are abundant and 

variable even within the same species of bifidobacteria (Arboleya et al. 2018). As such, 
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increased bifidobacteria diversity might allow for a broader use of different carbohydrates given 

that strains might partition these resources. Higher richness might further increase functioning 

because of cross-feeding between strains (Turroni, Milani, Duranti, et al. 2018). Indeed, co-

cultivation of two bifidobacteria species has been shown to increase the metabolic activity of 

strains, suggesting that bifidobacterial isolates can utilize the byproducts from carbohydrate 

digestion of others (Egan et al. 2014; Milani, Lugli, et al. 2015; Turroni, Milani, Duranti, et al. 

2018; Turroni et al. 2015). To our knowledge, no one has tested whether the richness of 

bifidobacteria alters their overall functioning. 

  To test how the richness and diversity of bifidobacteria influences their coexistence and 

ecosystem functioning (i.e., biomass and production of lactate), we conducted an in vitro 

microcosm experiment varying richness (1-8 strains) and functional groups (1-2 groups). We 

characterized the functioning of the bacterial communities using flow cytometry (to count 

bacterial cells), lactate assays (as a proxy to fiber degradation), and next-generation sequencing 

(to decipher the bacterial community’s composition). We hypothesized a positive BEF 

relationship where increasing bacterial richness and diversity would increase functioning 

(measured by cell biomass and fiber degradation). As for plant communities (D. Tilman 2001; 

David Tilman, Reich, and Knops 2006; David Tilman, Isbell, and Cowles 2014), this positive 

BEF relationship might occur because of resource specialization, synergistic species interactions, 

and/or sampling effects, where more diverse communities are more likely to contain higher 

functioning strains. Specifically, we expected that: 1) different strains of bifidobacteria would 

co-exist; 2) monocultures would have lower functioning (biomass and lactate production) in 

comparison to co-cultures and would increase further with co-culture richness; and 3) 
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functioning would increase further in co-cultures with more functional diversity (two versus one 

functional group).  

METHODS 

Strain collection and verification 

We obtained all the available bifidobacteria isolates from the Human Microbiome Project 

(HMP) through the Biodefense and Emerging Infections Research Resources Repository (BEI 

Resources; https://www.beiresources.org). From the 13 strains obtained, eight were isolated from 

the human gut (Table S3.1). We also selectively isolated new potential strains of bifidobacteria 

from fecal samples from 16 different healthy adults collected for a fiber intervention conducted 

at the University of California in Irvine (Oliver et al. 2021) using Bifidobacterium selective 

media (BSM). To verify that the bacteria isolated belong to the Bifidobacterium genus, we 

extracted their DNA using ZymoBIOMICS™ DNA Miniprep Kit and amplified the groEL gene 

with bifidobacteria specific primers (Hu et al. 2017). As expected, all 13 HMP strains amplified 

the groEL gene at the correct amplicon size (Fig. S3.1). From the 52 strains we isolated from 

fecal samples, 32 positively amplified the groEL gene (Fig. S3.1). Using the whole genomic 

DNA extracted, we prepared a shotgun sequencing library using a low-volume Illumina 

procedure (Weihe and Avelar-Barragan 2021) and sequenced it using Illumina HiSeq 4000 (2 

X150 bp) at the Genomics High Throughput Facility, UC Irvine, CA, USA. 

Genome assembly and taxonomic classification 

Sequenced reads were visualized with FastQC version 0.11.8 to check quality parameters 

(Andrews 2010), and then Fastp version 0.20.0 was used to remove reads with an average quality 

score lower than 34 and sequencing adapters. We also enabled the --correction parameter to find 

the overlap across the paired-end reads (Chen et al. 2018). To confirm that the reads were 
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processed correctly by Fastp, we visualized the reads once again with FastQC. We then 

assembled genomes using SPAdes (3.13.0) with --careful and --cov-cutoff-auto parameters (Nurk 

et al. 2017). To assess the quality of the contigs assembled, we used QUAST version 5 

(Gurevich et al. 2013). We map the reads back to the assembled contigs using Bowtie version 

2.2.7 and Samtools version 1.9. The output of these tools was used to create Taxon-Annotated-

GC-Coverage plots (TAGC plots) with Blobtools version 1.1.1 and Blastn version 2.3.1. After 

selecting the genomes that were positively assigned to the Bifidobacterium genus based on 

Blobtools, we polished the assembled contigs of these isolates by removing contigs shorter than 

100 bp using seqkit version 0.11.0 (Shen et al. 2016). Lastly, we estimated genome completeness 

using BUSCO (Simão et al. 2015). 

Phylogenetic, pangenome, and CAZyme analyses 

To predict open reading frames (ORF) in the assembled bifidobacterial genomes we used 

Prodigal version 2.6.3 with default parameters (Hyatt et al. 2010). We then constructed a multi-

locus phylogenetic tree using the bcgTree pipeline (Ankenbrand and Keller 2016) with the 

protein fasta files (.*faa) obtained with Prodigal. Briefly, the phylogeny is built based on 107 

conserved genes that are aligned with Muscle software version 3.8.31 and polished using 

Gblocks version 0.91b. The 107 genes were concatenated, and a phylogenetic tree was built 

using an isolate from the Alloscardovia genus as an outgroup with RAxML version 8.2.10 with 

the GTRGAMMA substitution model and 100 interactions. We then visualized this tree using 

iTOL (Letunic and Bork 2016) to select 25 genetically-diverse isolates for further analysis.  

 To find functional genes that differentiated the bifidobacteria isolates, we performed a 

pangenome analysis and identified their carbon utilization enzymes. Pangenome information was 

derived from Roary version 3.12.0 (Page et al. 2015) using .gff files of the annotated genomes 
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obtained from Prokka version 1.13.3 (Seemann 2014). We used a 70% Blastp cutoff sequence 

identity. To visualize the pangenome we created a heatmap using the presence-absence of gene 

clusters given by Roary in Phandango (Hadfield et al. 2018). To identify Carbohydrate Active 

Enzymes (CAZymes) in the selected bifidobacteria isolates, we used the dbCAN2 server (Zhang 

et al. 2018). We only considered CAZymes that were identified by three prediction tools within 

the dbCAN2 program using default parameters. From the 25 isolates, we selected 16 strains from 

adults that were distinct, based on the phylogenetic, pangenome, and CAZyme analyses (Fig. 

3.1; Fig. 3.2; Fig. 3.3). We measured the average nucleotide identity (ANI) of the selected 

isolates using the FastANI software version 1.32 with default parameters (Jain et al. 2018). 

Microcosms set-up 

The experiment consisted of 75 microcosms, including treatments varying in isolate 

richness (1, 2, 4, 8 strains) and functional groups (A, B, or AB), together with 3 replicates for 

each combination (Fig. 3.4; the results section explains how we identified the functional groups). 

The microcosms were constructed in 50 ml sterile conical vials with lids and incubated in 

anaerobic conditions (H2 5%, CO2 5%, N2 90%) at 37 °C. Standard liquid media used to grow 

bifidobacteria, De Man-Rogosa-Sharpe (MRS) broth (Sigma-Aldrich), was modified by adding 1 

mL of Tween 80 per liter and 1.5% w/v of lentil flour (Red Lentil Flour by Hearthy Foods) as a 

source of complex carbohydrates. We also included 3 sterile media controls. 

Before starting the microcosms, the isolates (previously stored in glycerol stocks at -70 

°C) were revived on MRS agar plates in anaerobic conditions (H2 5%, CO2 5%, N2 90%) at 37 

°C for 72 h. From these plates, one colony per isolate was picked and individually grown in 

MRS + 1.5% w/v lentil flour broth for 48h to acclimate the strains to liquid broth. After this, the 
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corresponding strains were mixed in a standardized manner based on optical density into the 50 

ml sterile vials with MRS + 1.5% lentil media, marking the start of the microcosm experiment. 

 Throughout the experiment, samples were collected for analysis at 0h, 6h, 15h, 24h, 39h, 

48h, 63h, and 72h with the experiment concluding at this timepoint. The period of 72h was 

chosen for three reasons: 1) based on previous growth curve data, which indicated that all strains 

grew to stationary phase by 48 hours; 2) past bifidobacteria in vitro experiments have used this 

timeframe (Egan et al. 2014); and 3) food’s transit time in the human intestine as it takes 

between 24 and 72 h for food to move through the entire gastrointestinal tract (Read et al. 1980).  

Cell abundance and lactate production 

 Total productivity of the microcosms was assayed by flow cytometry and lactate 

production. We used the NovoCyte® flow cytometer to obtain the bacterial cell counts in each 

microcosm over time (0hr, 6hr, 15hr, 24hr, 39hr, 48hr, 63hr, and 72hr). Cell cultures from 

microcosms were stored with 1% final concentration of glutaraldehyde (GTA) at 4 °C until ready 

to proceed with flow cytometry counts (~ 1 week). The day of flow cytometry counts, samples 

were brought out from the 4 °C fridge to room temperature and diluted 1:125 for timepoints at 

0hr and 6hr, the remaining samples for the latter timepoints were diluted to 1:2500, as they had 

higher cell densities. Cells were stained with 1X final dilution of SYBR green 200X (200x, 

Invitrogen Life Science Technologies, S756) and incubated for at least 10 minutes before 

proceeding with counts. Samples were run for 30 seconds at 20 µL/min, using a SYBR-Green-H 

threshold value of 2,000.  

We used lactate concentration as a proxy for carbohydrate fermentation. Theoretically, 

bifidobacteria produce 1 mol of lactate for every mol of fermented glucose as part of their bifid 

shunt metabolic pathway (Pokusaeva, Fitzgerald, and van Sinderen 2011; Palframan, Gibson, 
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and Rastall 2003). To measure lactate in the media, we filtered the microcosm cultures through a 

0.22 µm syringe-filter and stored the supernatant at -80 ℃ until ready to perform the assay. We 

performed a colorimetric assay using the Lactate Assay Kit (MAK064 Millipore Sigma) and 

measured the absorbance at 570nm. 

Sequence analysis  

We extracted DNA from the microcosm communities following the ZymoBIOMICS™ 

DNA Miniprep Kit protocol and prepared the shotgun sequencing library using a low-volume 

Illumina procedure (Weihe and Avelar-Barragan 2021). To examine community assembly, we 

sequenced the extracted DNA from the microcosms using NovaSeq S4 technology (2 X 150) 

with a 5% phiX spike at 15h, 24h, 48h, and 72h collection time points at the Genomics High 

Throughput Facility, UC Irvine, Irvine, CA, USA. 

To characterize the bacterial community in the microcosms, we first visualized the reads 

using FastQC software (version 0.11.9) for quality control purposes. Then, the Fastp software 

version 0.20.0 was used to detect and remove: sequencing adapters (--detect_adapter_for_pe), 

reads with an average quality lower than 30 (--average_qual 30), and reads shorter than 50bp (--

length_required 50). We also enabled the base pair correction parameter which attempts to find 

an overlap of each pair of reads to improve accuracy of base calls (--correction). To verify the 

identity of the isolates in the monocultures, we assembled the genomes using SPAdes version 

3.14.0 with high-coverage data (--isolate) and coverage cut off value on auto as parameters. 

To define the community composition of the microcosms containing co-cultures we used 

the MIDAS program using the monoculture genomes as reference for mapping reads and calling 

SNPs (Nayfach et al. 2016). Briefly, we created our own database using the 16 bifidobacteria 

isolate genomes through the build_midasdb.py script. We provided the fasta genomic files (.fna), 
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the protein sequences (.faa), the gene sequences (.ffn), and a tab delimited file with the genomic 

coordinates of the genes (.genes) by converting the .gff extension files using the csvtk tool. All 

the mentioned files were obtained from Prodigal version 2.6.3. Lastly, we ran MIDAS with our 

custom database using the run_midas.py species script. Isolates that had less than 200 reads 

assigned were considered extinct.  

Statistical analyses 

To detect differences in the productivity metrics (biomass and lactate concentration) across 

richness and functional groups and their possible interaction, we ran two-way ANOVA tests. To 

confirm our results and account for unevenness in variance, we also ran Welch one-way 

ANOVA and Games Howell Post-hoc tests with the package ‘rstatix’ in R. To compare total 

biomass and lactate data between monocultures and co-cultures across functional groups and 

richness levels, we conducted Welch two sample t-tests. We ran Spearman’s correlations for 

lactate concentration at 24h versus 72h, between biomass data and lactate data at 72h, and across 

the coefficient of variation and productivity metrics (biomass and lactate) at 72h using. All tests 

were conducted using R version 4.0.2. We used a significance level threshold of p < 0.05 across 

all tests.  

RESULTS 

Genomic features of bifidobacteria isolates 

On average the sequenced bifidobacterial genomes had 35 contigs (>1000 bp), a total 

genome length of 2.36 Mb (>1000 bp), and a GC content of 59.5% (Table S3.1), similar to other 

bifidobacteria genomes (Lee and O’Sullivan 2010; Milani et al. 2014; Turroni, van Sinderen, and 

Ventura 2011). From here, we selected 25 genomes isolated from the human gut. A phylogenetic 

tree constructed with 107 concatenated core genes shows that most of the isolates in our pool of 
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bifidobacteria were from the B. longum species (n=15), followed by B. adolescentis (n=5), B. 

pseudocatenulatum (n=2), B. animalis (n=1), B. angulatum (n=1), and B. breve (n=1; Fig. 3.1).  

The pangenome analysis revealed that this pool of bifidobacteria has 550 core genes 

(present in 100% of the genomes), 128 soft core genes (present in > 95% and less than 100%), 

2,568 shell genes (present in >15% and less than 95%), and 4,770 cloud genes (present in > 0% 

and less than 15%) (Fig. 3.2). A CAZyme analysis identified GT2_Glycos_transf_2 as the most 

abundant CAZyme at the gene subfamily level. The number of carbohydrate-degrading genes in 

a genome ranged from 47 (isolate CRM19 from the B. animalis species) to 87 (isolate CRM24 

from the B. longum species). Both the pangenome and CAZyme analyses supported a clustering 

of two distinct groups among the genomes (Fig. 3.2 and 3.3); for simplicity, we will hereafter 

refer to these groupings as Functional group A and Functional group B. We then selected 16 

isolates evenly from these functional groups to be included in our microcosm experiment (Fig 

3.4). These isolates had an average nucleotide identity ranging from 80-98.6% (Fig. S3.2). Here, 

we define a bacterial strain as a non-clonal bacterial isolate within the genus that could be from 

the same or different species, belonging to either Functional Group A or B. 

Microcosm community composition over time 

 We sequenced the microcosms at 15h, 24h, 48h, and 72h timepoints to assess the 

bacterial community composition over time. As predicted, the majority of strains persisted over 

the course of the experiment, with seven of eight strains persisting at the highest richness level 

(Fig. 3.5). The exceptions were the following strains that went extinct in all the communities 

they were included: CRM26 B. pseudocatenulatum in 3 microcosms (i.e., 4_A, 8_A, 8_AB), 

CRM03 B. longum in 2 microcosms (4_B and 8_B), and CRM14 B. longum in one microcosm 

(8_B). Note that all these strains persisted in monoculture during the experiment (Figure S3.3). 
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By 15h, the bacterial communities already displayed an uneven distribution of the remaining 

strains, but bacterial composition remained relatively stable through the rest of the experiment 

(Fig. 3.5). Lastly, community composition was remarkably consistent, with similar relative 

abundances for each particular community among the replicates (Fig. 3.6). 

Community biomass  

We measured cell abundance (a proxy for total biomass) of all microcosms at 8 

timepoints over the 3 days of the experiment. The majority of the communities reached 

stationary phase by 24h (Fig. S3.3). Neither richness nor functional group diversity significantly 

affected community biomass as determined by cell counts (two-way ANOVA, p >0.05). 

Moreover, there was not a statistically significant interactive effect of richness and functional 

group on biomass (two-way ANOVA, F(5, 64) = 0.878, p = 0.501); Fig. 3.7A).  

Further, bifidobacteria interactions amongst the co-cultures did not generally increase 

overall biomass at any richness level; co-culture biomass was similar to that predicted by the 

individual monocultures at both 24 and 72 hours (Fig. 3.8A and B). However, variation across 

microcosms tended to decrease as richness increased, although the correlation between variation 

and richness was not significant (Fig. S3.4A; Spearman’s ρ = -0.8, p>0.05).  

Lactate concentration as a measure of ecosystem functioning 

As a more direct proxy for carbohydrate fermentation, we measured lactate concentration 

in the microcosms at 24 and 72 hours. Indeed, there was no significant correlation between 

biomass and lactic acid production at 72 hours (Spearman’s ρ = 0.099, p> 0.05: Fig. S3.5). 

Although most microcosms reached stationary phase by 24h (Fig. S3.3), lactate production 

continued to increase from 24h to 72h in all microcosms (Fig. S3.6) and there was a strong 

positive correlation between the timepoints (Spearman’s ρ= 0.73 < 0.05; Fig. S3.7). In contrast 



 

73 
 

to biomass, lactate production by 72 hours increased with richness level (two-way ANOVA, p 

<0.05). However as for biomass, there was not a statistically significant interaction between the 

effects of richness and functional group on lactate concentration (two-way ANOVA, F(5, 64) = 

0.608, p = 0.694). To account for unevenness in variance, we corroborated these results with a 

Welch one-way ANOVA and richness was still significant (Welch ANOVA, F(3,22.42) = 6.74, p 

= 0.002, n = 75; Fig. 3.7B).  

Finally, bifidobacteria interactions amongst the co-cultures appeared to increase overall 

lactate concentration relative to the concentration predicted from the monocultures, particularly 

for co-cultures of 4 and 8 strains (Welch two-sample-t-test, p <0.05; Fig. 3.8C and D). As with 

biomass, variation among the cultures decreased as richness increased although again, this 

correlation was not significant (Fig. S3.4B; Spearman’s ρ = -0.1, p>0.05).  

DISCUSSION 

To test how diversity of bifidobacteria potentially influences their gut ecosystem functioning, 

we conducted an in vitro microcosm experiment varying bacterial richness and functional group 

diversity. Up to 7 bifidobacteria strains were able to coexist in this in vitro system. We found a 

positive BEF relationship as measured by lactate concentration, but not overall biomass. Further, 

this relationship seemed to be driven by resource specialization or synergistic interactions 

amongst the strains, as the co-cultures at the highest richness levels produced more lactate than 

expected based on the monocultures alone. In contrast, the relationship did not appear to be 

solely due to sampling effects, as lactate concentrations of the co-cultures were higher than that 

of all the monocultures. Finally, there was no evidence that functional diversity (the presence of 

strains from two versus one functional group) increased overall functioning. 
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Why might the BEF trends for biomass and lactate production differ? First, cell abundance 

might not accurately reflect total biomass. Flow cytometry is an accurate method of counting, but 

it is possible that cell size could have also been changing and our metric does not account for 

that. Alternatively, lactate production might better reflect cell activity/functioning than overall 

biomass. Indeed, that cultures appeared to be growth limited by 24 hours of the experiment as 

they leveled off in cell counts, and the cultures might further have been growth limited because 

of the acidity of the cultures. Thus, the cells might have continued to be active without additional 

growth. Overall, lactate concentration is a better metric for ecosystem functioning in this system 

as it can serve as a measure for fiber degradation – a direct productivity metric. As seen in plant 

ecosystems (Kohyama et al. 2020; Hofmann and Jahufer 2011), primary productivity is not 

always correlated with total biomass. Hence, the contrasting results between biomass and lactate 

metrics could be explained by a trade-off between bacterial growth and overall activity. Perhaps 

a greater productivity (higher fiber degradation) in more rich and diverse communities comes at 

a cost for the individual growth of bacteria. Future research can aim to address this by 

incorporating metabolomics and identifying possible cross-feeding compounds, measuring what 

carbohydrates are being spent from the media across different diversity levels, and corroborating 

that higher bacterial richness results in higher fiber degradation. 

Bifidobacteria are known to exhibit social behavior through carbohydrate resource sharing 

(Turroni, Milani, Duranti, et al. 2018). Previous research has demonstrated syntrophic 

interactions among the bifidobacteria species. For instance, B. breve species show syntrophic 

interaction with members of the Bifidobacterium, Bacteroides and Lactobacillus genera (Egan et 

al. 2014; Munoz et al. 2020; Cheng et al. 2020). Similarly, it has been shown that lactate 

produced by bifidobacteria and their partial broken down carbohydrates serve as cross-feeding 
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molecules for other bacteria (Belenguer et al. 2006; Turroni et al. 2015; Turroni, Milani, Duranti, 

et al. 2018; Turroni et al. 2016). We further expected that functional diversity based on 

distinction functional gene differences would lead to clearer resource partitioning and thereby, 

higher functioning. For example, the HM-856 isolate showed the most distinct collection of 

genes (and CAZymes) in comparison to the other strains in our pool, suggesting that this isolate 

has a different functional capacity that allows it to feed from the byproducts of the surrounding 

bacteria. However, we did not observe evidence that functional diversity (the presence of strains 

from two versus one functional group) increased overall functioning. 

CONCLUSION 

Our study shows that bifidobacterial strains are able to co-exist in in vitro conditions 

allowing for future investigation of the impacts that bifidobacteria diversity can have on the 

human gut microbiome. This diversity appears to have a functional impact in fiber degradation, 

suggesting that it is not just the presence and total abundance of the genus Bifidobacterium that 

will affect gut functioning, but also its strain diversity. Future work should further aim to 

disentangle the specifics of resource partitioning and cross-feeding interactions. Ultimately, these 

results will begin to uncover the ecological mechanisms behind the observed correlations 

between gut bacterial diversity and human health. 
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FIGURES 
 
 

 
Figure 3.1: Phylogenetic tree of 25 gut-isolated bifidobacteria. The phylogenetic tree 
constructed with 107 concatenated core genes includes bifidobacteria isolates belonging to the 
following species: B. longum (n=15), B. adolescentis (n=5), B. pseudocatenulatum (n=2), B. 
animalis (n=1), B. angulatum (n=1), and B. breve (n=1). A strain from the Alloscardovia genus 
was used as an outgroup. Boostrap values higher than 70% are represented with purple triangles. 
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Figure 3.2: Pangemome analysis of 25 gut-isolated bifidobacteria. The pangenome is 
depicted as a heatmap showing gene presence (royal blue) or absence (white) in each of the 
isolates obtained from Roary 3.11.2. There was a total of 8,073 gene clusters of orthologous 
genes (COGs) from which 550 were present in all isolates. A pattern of two functional groups 
can be observed and is highlighted by letters A and B. 
 
 

 
Figure 3.3: Heatmap of CAZymes present in 25 gut-isolates bifidobacteria.  The number of 
carbohydrate-degrading genes per isolate was obtained through DbCAN2 and their gene counts 
were quantified; these counts are summarized by the color intensity chart. A pattern of two 
functional groups can be observed and is highlighted by letters A and B, which correspond to the 
same groupings formed by the pangenome analysis. 
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Figure 3.4: Experimental design for microcosm experiment. We constructed microcosms 
varying strain richness (2, 4, and 8) and functional composition (Functional groups A, AB, and 
B) with a nested design. We grew monocultures of each of the isolates included in the 
experiment plus media controls, for a total of 78 vials as each had 3 biological replicates. 
Bacterial cultures were standardized to 0.1 optical density units and added 300 µL of total 
standardized bacteria to the microcosm treatments and the monocultures in 30 mL of rich MRS 
media with 1.5% lentil flour. 
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Figure 3.5: Taxa bar plots of co-cultures across time. Bacterial community composition was 
obtained using MIDAS. Each column represents the average community composition of the 3 
biological replicates per microcosm. The columns are sorted by richness levels starting with the 
lowest level (2). Functional groups are displayed by naming the columns as “richness number” 
underscore “Functional group.” 
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Fig. 3.6: Taxa bar plots of co-cultures at 72h. Bacterial community composition was obtained 
using MIDAS. Each column represents the community composition for each replicate per 
microcosm (Replicate 1, 2, and 3). The columns are sorted by richness levels starting with the 
lowest level (2). Functional groups are marked across richness levels by orange (A), green (AB), 
and blue (B). 
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Fig. 3.7: Ecosystem functioning across bifidobacteria richness levels at 72h. Panel A depicts 
the log10 cell count data and panel B shows the lactate concentration at the last timepoint (72h) 
across richness levels. Each dot represents the averaging of replicates by functioning metric 
(biomass or lactate) colored by Functional groups per richness level; their standard error bars are 
displayed. The horizontal line across is connecting the means (black triangles) at each richness 
level. No significant differences were found for biomass data across richness groups. On the 
other hand we found a statistically significant difference across richness levels for lactate 
concentration (Welch ANOVA, F(3,22.42124) = 6.74, p = 0.002, n = 75). The bars and asterisks 
across the lactate plot show the Games Howell Post-hoc significant test. Two asterisk represents 
a p-value less than 0.05; three asterisks represent a p-value less than 0.001 
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Figure 3.8: Total ecosystem functioning of co-cultures versus their corresponding 
monocultures. Panels A and B correspond to total biomass data at 24h and 72h, respectively. 
Panels C and D correspond to total lactate concentration at 24h and 72h, respectively. Each dot 
represents the average across replicates per functioning metric (biomass or lactate) and the mean 
standard error bars are displayed. Solid lines are connecting the co-culture average data points 
across richness levels and the dashed lines are connecting the average values of all monocultures 
that were included in that microcosm at that richness level. Lines are colored according to 
Functional group: orange (A), green (AB), and blue (B). 
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Figure S3.1: groEL amplification. A total of 52 potential bifidobacteria isolates were screened 
through PCR amplification of the groEL gene alongside the 13 bifidobacteria strains from the 
Human Microbiome Project. 
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Figure S3.2: Average nucleotide identity across the 16 bifidobacteria strains selected for 
experiment. Average Nucleotide Identity (ANI) values obtained through FastANI are displayed 
in a heatmap format. The ANI values across strains range from 80-98.6%.  
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Figure S3.3: Growth curves for all microcosms. Cell counts were log10 transformed for better 
visualization.  
 
 

 
Figure S3.4: Coefficient of variation across richness levels for biomass and lactate 
functioning metrics. Each dot represents the Coefficient of Variation (CV) value per richness 
level for biomass (Panel A) and lactate (Panel B) calculated in base R version 4.0.2. A 
Spearman’s correlation analysis was performed for both metrics to compare the relationship 
between richness and CV. 
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Figure S3.5: Spearman’s correlation between lactate concentration and biomass at 72h. 
The log10 transformed data for cell counts is plotted against the concentration of lactic acid at 
72h. The results from the Spearman’s correlation test are displayed on the top right corner.  
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Figure S3.6: Concentration of lactate at the 24h and 72h timepoints. Boxplots displaying the 
concentration of lactate between two timepoints: 24h (green) and 72h (magenta) for all 
microcosms including co-cultures and monocultures. 
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Figure S3.7: Spearman’s correlation between lactate concentration at 24h and 72h. The 
concentration of lactic acid at 24h is plotted against the concentration of lactate at 72h. The 
results from the Spearman’s correlation test are displayed on the top right corner.  
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Table S3.1 Pool of bifidobacteria isolates. Bacteria were isolated from fecal samples collected 
at UCI (CRM) and others were purchased to BEI from the Human Microbiome Project (HM). 




